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Abstract
Spectrum efficiency and energy efficiency are two critical issues for wireless com­
munication networks. Cognitive radio has emerged as a promising paradigm to 
improve the spectrum usage efficiency and cope with spectrum scarcity prob­
lem. However, cognitive radio may cause extra energy consumption because it 
relies on new and extra technologies and algorithms. Optimizing the energy- 
efficiency of cognitive radio networks not only reduces environmental impact, but 
also cuts network cost to enable economical green cognitive radio. Thus high 
energy efficiency will be one of key requirements for practical cellular cognitive 
radio networks.
Because of the dynamic nature of Cognitive Radio Network (CRN), the activity 
of Secondary User (SU) such as “when and how to sense” and “when and how 
to transmit” significantly affects the throughput of SUs, protection of Primary 
User (PU) and energy efficiency of the whole CRNs. In this context, this thesis 
mainly focuses on energy efficiency and throughput enhancement problem with 
sufficient protection to PU in CRNs as a function of SU frame structure. Three 
contributions are provided to tackle the challenge and address this issue: 1) 
an upperbound approach for eigenvalue ratio based detection, 2) a strategy for 
normalized throughput enhancement by frame length optimization for CRN, 3) 
a joint design of spectral and energy efficient cellular CRN with uplink power 
adaptation.
The impact of power control, optimal sensing time and frame length on the achiev­
able energy efficiency, throughput and interference are illustrated and analysed in 
CRN. It is shown that the enhancement of energy efficiency and throughput, and 
the mitigation of interference to PUs could be realized by frame structure opti­
mization and proper uplink power adaptation. The analytical results are useful 
to determine how to select frame structure as well as the power control strategy, 
subject to network environment and required performance objectives.
K ey words: Cognitive radio network, energy efficiency, spectrum sensing, through­
put, power adaptation
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Chapter 1
Introduction
It is a common belief that the finite spectrum resource is one of the bottlenecks 
for wireless communication and unfortunately we are running out of usable radio 
frequencies. The overly crowded European frequency allocation chart and the 
multibillion-dollar price for a commercial frequency band at the European 4th 
Generation (4G) spectrum auction [1-4] have certainly strengthened this belief. 
However, actual spectrum usage measurements obtained by the Federal Com­
munications Commission (FCC) Spectrum Policy Task Force [5] tell a different 
story: At any given time and location, much of the prized spectrum lies idle. 
70% of the allocated spectrum bands in US are not fully utilized, whereas only 
2% of the spectrum are used in US for any moment. This paradox indicates that 
spectrum shortage results from the spectrum management policy rather than the 
physical scarcity of usable frequencies [6]. Indeed, if we were to scan portions of 
the radio spectrum including the revenue-rich urban areas, we would find that 
[7, 8]: 1) some frequency bands in the spectrum are largely unoccupied most 
of the time; 2) some other frequency bands are only partially occupied; 3) the 
remaining frequency bands are heavily used. The underutilization of the elec­
tromagnetic spectrum leads us to think in terms of spectrum holes, is defined 
as a band of frequencies assigned to a PU (licensed user), but, at a particular
1
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time and specific geographic location, the band is not being utilized by that user. 
Spectrum utilization can be improved significantly by making it possible for a 
SU (unlicensed user) to access a spectrum hole unoccupied by the PU at the 
right location and the time in question [9j. Under this motivation, cognitive ra­
dio was first introduced in 1999 by J.Mitola III [10] and has been proposed as 
the means to promote the efficient use of the spectrum by exploiting the exis­
tence of spectrum holes. Cognitive radio is an intelligent wireless communication 
system that is aware of its surrounding environment (i.e., outside world), and 
uses the methodology of understanding-by-building to learn from the environ­
ment and adapt its internal states to statistical variations in the incoming RF 
stimuli by making corresponding changes in certain operating parameters (e.g., 
transmit-power, carrier-frequency, and modulation strategy) in real-time [11].
1.1 M otivation and Research Objectives
Cognitive radio emerges as a striking technology that aims to improve the spec­
trum efficiency by allowing the SUs to access the frequency bands licensed to 
PUs [9, 10]. But cognitive radio may cause extra energy consumption because it 
relies on new and extra technologies and algorithms such as dynamic spectrum 
sensing and allocation, which potentially counteract its advantages and impede 
the large-scale deployment of cognitive radio. Moveover, fast-growing wireless 
applications consume more and more energy and pose big challenges to operators 
in terms of energy footprint so that one necessary condition that any new tech­
nology can be implemented and developed sustainedly is relatively high energy 
efficiency, which has been recently marked as one of another alarming bottlenecks 
in the telecommunication growth paradigm [12, 13].
With the increase in the energy consumption of wireless networks, globe warming 
has received increased awareness, with Information and Communication Tech-
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nologies (ICT) causing around 2% of the worldwide CO2 total emissions from 
cars. According to recent reports [14], a 15%-30% decrease in emission is re­
quired before year 2020 to keep the global temperature increase below 2°C'. The 
increase in greenhouse gas emissions has also influenced the economy, with re­
ports projecting that 1/3 reduction of the greenhouse gas emissions may generate 
an economic benefit higher than the investment required to reach this goal [15]. 
From this perspective, energy efficiency provides a huge economic opportunity 
for network providers.
Although base stations consume the largest fraction (57%) of the total energy 
consumption [16], more attention on mobile terminal energy consumption are 
drawn from researchers and designers due to the slowly progressing battery tech­
nology. It is claimed that the development of battery technique always rather 
fall behind the requirement of achievable processor performance by Moores law 
[17]. In terms of power consumption we have moved from a relatively low 1-2 
W range in the first generation to around twice in 3G mobile devices while the 
recent report [18] showed 4G LTE is much less power efficient than WiFi. It is 
reasonable to believe that the actual power consumption of the handset would 
be further higher due to tons of applications implementation. In this case the 
perspective for the future does not look encouraging in this. Therefore, one of 
the biggest impediments of future wireless communications systems is the need 
to limit the energy consumption of the battery-driven devices so as to prolong 
the operational times and to avoid active cooling.
Although dramatically varying global climate and slowly progressing battery tech­
nology has driven energy efficiency to become an extremely important issue, en­
ergy efficiency in cognitive radio networks has not been well addressed and many 
challenges still remain. Open issues concerning the technical and economic chal­
lenges, as well as possible solutions, need to be investigated. In this context, 
targeting at higher achievable spectrum efficiency and energy efficiency, how to
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balance time and energy consumption in sensing and transmission using cognitive 
radio technology has been a big challenge in cognitive radio networks, which is 
addressed in this thesis. Specifically, the coordination of resource consumptions 
in sensing and transmission needs to be carefully considered. More explicitly, the 
spectrum resources are available for a SU only when they are not occupied by 
the PU, which aims at avoidance of intolerable interference. Thus, the SU should 
be able to detect the presence of the PU before it transmits over a channel. To 
this end, high probability of accurate detection in spectrum sensing becomes ex­
tremely important in the implementation of cognitive radio networks. Higher 
sensing accuracy means less transmission collisions or interference due to missed 
detection. It also implies lower probability of missing an available channel which 
could be considered as busy due to false alarm. In addition to this, the param­
eters of transmission strategy such as power control and transmission duration 
length also need to be optimized aiming at better performance. Such spectrum 
sensing and transmission that take into the energy consumption are very impor­
tant to battery-powered devices since they are energy limited. For a given level 
of transmit power, longer sensing slot can help more accurately explore channel 
availabilities, and possibly find a channel with higher transmission rate. However, 
this increases the overall energy consumption and may also reduce the amount 
of time left for transmission in the case that the total sensing and transmission 
time is fixed. Figure 1.1 is provided to further illustrate the research challenges 
and objectives of this thesis.
1.2 Major Achievements and Contributions
In order to meet the research objectives, this thesis provides three contributions 
as follows:
• An upperbound approach for eigenvalue ratio based detection.
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Figure 1.1: A graphical structure of overall task.
Detection based on eigenvalues of received signal covariance matrix is cur­
rently one of the most effective solutions for spectrum sensing problem in 
cognitive radios. However, the results of these schemes always depend on 
asymptotic assumptions since the distribution of ratio of extreme eigenval­
ues is exceptionally mathematically complex to compute in practice. In 
order to determine the distribution of ratio of the largest and the smallest 
eigenvalues, a new approach is introduced in this contribution to calculate 
the decision threshold and sense the spectrum. We derive a simple and an­
alytically tractable expression for the distribution of the ratio of the largest 
and the smallest eigenvalues based on upperbound on the joint Probability 
Density Function (PDF) of the largest and the smallest eigenvalues of the 
received covariance matrix. The performance analysis of proposed approach
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is compared with the empirical results. The decision threshold as a function 
of a given probability of false alarm is calculated to illustrate the effective­
ness of the proposed approach. It has been shown that the upperbound can 
be exploited effectively to approximate the decision threshold for a given 
probability of false alarm. The proposed approach is useful specially for 
reasonably small number of collaborating SUs.
• Normalized throughput enhancement by optimal frame length selection
In cognitive radio networks, the licensed frequency bands of the PUs are 
available to the SU provided that they do not cause significant interference 
to the PUs. This contribution provides the normalised throughput analy­
sis of the SU with multiple PUs coexisting under any Frequency Division 
Multiple Access (FDMA) communication protocol. We consider a cognitive 
radio transmission where the frame structure consists of sensing and data 
transmission slots. In order to achieve the maximum normalised through­
put of the SU and control the interference level to the legal PUs, the optimal 
frame length of the SU is found via simulation. In this context, a new ana­
lytical formula has been expressed for the achievable normalised throughput 
of SU with multiple PUs under perfect and imperfect spectrum sensing sce­
narios. Moreover, the impact of imperfect sensing, variable frame length 
of SU and the variable PU traffic load, on the normalised throughput has 
been critically investigated. The analytical results of this contribution are 
much useful to determine how to select the frame duration length subject 
to the parameters of cognitive radio network, such as network traffic load, 
achievable sensing accuracy and number of coexisting PUs. It is concluded 
that the proper frame length should be adaptively chosen to achieve higher 
throughput of the SU at the same time to control the interference to the 
legal PUs at a tolerable level.
•  Spectral and Energy Efficient Cellular Cognitive Radio Network with Up-
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link Power Adaptation
The third contribution extends the previous system model to enhance the 
energy efficiency and throughput of a proposed cellular CRN with accept­
able interference to PUs. We analyse and derive the expression for energy 
efficiency and throughput for the proposed cellular cognitive radio network 
as the function of sensing and data transmission duration. In order to fur­
ther explore energy efficient cognitive radio network, power control strat­
egy for this cellular CRN is also studied where the PUs and SU adapt the 
transmit power based on the location from their reference base stations. 
The optimal frame structure with power control is investigated under high 
Signal to Noise Ratio (SNR) and low SNR network environments, respec­
tively. The impact of power control and optimal sensing time and frame 
length, on the achievable energy efficiency, throughput and interference are 
illustrated and analysed by simulation results. The selection of the frame 
structure and power control factor are studied and compared subject to 
network environments and required system performance. The proper frame 
structure and power control factor should be adaptively chosen to achieve 
the required performance of the SU at the same time to further reduce the 
interference to the legal PU.
Moreover, the following papers have been published based on the contributions:
Journal papers:
1. W. Tang, M. Shakir, M. Imran, R. Tafazolli, and M.- S. Alouini, “Throughput 
analysis for cognitive radio networks with multiple primary users and imperfect 
spectrum sensing,” Communications, IET, vol. 6, no. 17, pp. 2787-2795, 
November 2012.
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2. W. Tang, M. Z. Shakir, M. A. Imran, R. Tafazolli and K. Qaraqe, “Spectral 
and Energy Efficient Cellular Cognitive Radio Networks with Uplink Power 
Adaptation,” IEEE Transactions on Networking, submitted, under review.
Conference papers:
3. W. Tang, M. A. Imran, R. Tafazolli, “Spectrum Utilization Efficiency Anal­
ysis in Cognitive Radio Networks,” in Proc. The 19th European Wireless 
Conference, EW 2013, Guildford, UK, Apr. 2013.
4. W. Tang, M. Z. Shakir, M. A. Imran, R. Tafazolli and K. Qaraqe, “On the Bits 
per Joule Optimization in Cognitive Radio Networks,” IEEE Global Commu­
nications Conference (GLOBECOM 2014), submitted.
5. M. Z. Shakir, W. Tang, A. Rao, M. A. Imran and M. -S. Alouini, “Eigenvalue 
ratio detection based on exact analytical moments of smallest and largest 
eigenvalues,” in Proc. ICST Conf. Cognitive Radio Oriented Wireless Net­
works and Communications, CrownCom2011, Osaka, Japan, May 2011.
6. M. Z. Shakir, W. Tang, M. A. Imran and M. -S. Alouini, “Collaborative spec­
trum sensing based on the upper bound on joint PDF of extreme eigenval­
ues,” in Proc. European Conf. Signal Processing, EUSIPCO 2011, Barcelona, 
Spain, Aug. 2011.
7. W. Tang, M. A. Imran, R. Tafazolli, “Coordination of Energy Efficient Sensing 
and Transmission in Cognitive Radio Networks,” in Proc. The 12th annual 
Post Graduate Network Symposium, PGNet 2011, Liverpool, UK, Jun.2011.
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8. M. Z. Shakir, A. Rao, W. Tang, M. A. Imran and M. -S. Alouini, “Geometric 
mean detector for spectrum sensing,” in Proc. IEEE Communication Theory 
Workshop, CTW2011, Sitges, Spain, Jun. 2011.
Book chapter proposal
9. W. Tang, M. Z. Shakir, M. A. Imran, and R. Tafazolli, K. Qaraqe, “En­
ergy Efficient Spectrum Sensing and Transmission Design in Cognitive Radio 
Networks,” Book Chapter Proposal on Cognitive Green Communication, sub­
mitted, under review
1.3 Structure of the Thesis
Including the introduction chapter, this thesis is organized into 6 chapters.
In Chapter 2, an overview of the fundamental principle of two popular spectrum 
sensing techniques are given including energy detection and eigenvalue-based de­
tection. A comprehensive performance analysis and comparison is provided to 
show the impact of sensing length on sensing accuracy. Literature of sensing 
and data transmission optimization based on this frame structure are reviewed. 
Moreover, the optimization works aiming at throughput maximization and energy 
efficiency design with tolerable interference are also reviewed in this chapter. Fi­
nally a review on power control in cognitive radio networks is also given to further 
improve energy efficiency.
In Chapter 3, a mathematically tractable approach is introduced to derive the 
distribution of ratio of the largest and the smallest eigenvalues. The derived dis­
tribution is based on upperbound on the joint PDF of the largest and the smallest 
eigenvalues. The proposed approach gives useful results which are applicable to
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the scenarios when few SUs are collaborating to sense the presence or absence of 
the PU in a given sensing time.
In Chapter 4, in order to maximize normalized throughput of SU and control 
the interference to PUs, we study the selection of the frame duration length and 
required sensing accuracy subject to the parameters of cognitive radio network 
such as network traffic load and number of coexisting PUs. Specifically, we con­
sider a variable data transmission length with constant sensing length, which also 
means variable frame length. We analyse the normalised throughput of the SU 
who is allowed to make opportunistic access to the spectrum bands, which are 
originally licensed to the multiple PUs coexisting in the network with a frequency 
division multiplexing system, which means the PUs and channels are one-to-one 
mapping. In order to investigate the impact of imperfect sensing, variable frame 
length of SU and the variable PU traffic loads on the normalised throughput, we 
extend the analytical analysis for both perfect and imperfect spectrum sensing 
by the SU and provide the analytical expression of normalised throughput for 
the SU with multiple PUs coexisting in the cognitive networks. We address the 
selection of optimal frame length of the SU cognitive transmission under variable 
traffic load of PUs.
In Chapter 5, aiming at energy efficiency and throughput enhancement with the 
constrain that the interference to PUs is tolerable, the energy efficiency problem 
in a cellular cognitive radio network is formulated as a function of variable frame 
structure.The optimal sensing and data transmission length and power control 
strategies are identified for our formulated energy efficiency problem. The SU 
performs energy detection for spectrum sensing and then is allowed to transmit 
on the licensed channel subject to the sensing results. The performance of the SU 
on achievable throughput is also analysed to guarantee that the transmission delay 
is within the acceptable level. Besides, to further improve energy efficiency and 
reduce interference to PU, power control strategy is employed and investigated
1.3. Structure of the Thesis 11
for our proposed cellular cognitive radio network.
In Chapter 6, we conclude the thesis by highlighting the outcomes derived from 
this work and preliminary insights into possible future work are given.
Chapter 1. Introduction
Chapter 2
Literature R eview
This chapter reviews state of the art on cognitive radio techniques and spec­
trum sensing algorithms, throughput and energy efficiency enhancement via frame 
structure optimization and power control in cognitive radio networks. More pre­
cisely, the background of cognitive radio and dynamic spectrum access method 
are introduced and reviewed. The problem of spectrum sensing in CRNs is formu­
lated and two popular spectrum sensing methods, energy detection and eigenvalue 
ratio based detection, are reviewed to show impact of sensing length on sensing 
accuracy and throughput of SU.
Next, in order to achieve the maximum throughput and energy efficiency of the 
SU and control the interference level to the legal PUs, a typical frame structure 
is considered for the SU, which comprises the sensing and the data transmission 
slots. The sensing slot and the data transmission slot are required to be coordi­
nated in a unit frame. The precious works on throughput optimization by the 
sensing and data transmission length optimization are reviewed.
Finally, to further improve energy efficiency and reduce interference to PU, a 
review on power control in cognitive radio networks is also given.
13
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2.1 Cognitive Radio and Dynamic Spectrum Ac­
cess
The terms software-defined radio and cognitive radio were coined by Mitola in 
1991 and 1998, respectively. Software-defined radio, sometimes shortened to soft­
ware radio, is generally a multiband radio that supports multiple air interfaces and 
protocols and is reconfigurable through software run on DSP or general-purpose 
microprocessors [19]. Cognitive radio, built on a software radio platform, is a 
context-aware intelligent radio potentially capable of autonomous reconfigura­
tion by learning from and adapting to the communication environment [20]. In 
other word, A cognitive radio is a wireless communication system that intelli­
gently utilizes any available side information about the a) activity, b) channel 
conditions, c) codebooks, or d) messages of other nodes with which it shares the 
spectrum [21]. Though dynamic spectrum access is certainly an important ap­
plication of cognitive radio, cognitive radio represents a much broader paradigm 
where many aspects of communication systems can be improved via cognition.
Based on the type of available network side information along with the regula­
tory constraints, cognitive radio systems seek to underlay, overlay, or interweave 
their signals with those of existing users without significantly impacting their 
communication. The underlay paradigm allows cognitive users to operate if the 
interference caused to PUs is below a given threshold. In overlay systems, the 
cognitive radios use sophisticated signal processing and coding to maintain or 
improve the communication of PU radios while also obtaining some additional 
bandwidth for their own communication. In interweave systems, the cognitive 
radios opportunistically exploit spectral holes to communicate without disrupt­
ing other transmissions. We now describe each of these three paradigms in more 
detail, including the associated regulatory policy as well as underlying assump­
tions about what network side information is available, and the practicality of
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obtaining this information [2 1 ].
U nderlay  techniques: The underlay paradigm encompasses techniques that 
allow communication by the SUs, assuming it has knowledge of the interference 
caused by its transmitter to the receivers of all PUs. Specifically, coexistence 
between PUs and SUs is permitted over the same bandwidth but the interference 
generated by the secondary devices at the PU receivers is below some acceptable 
threshold. The interference constraint for the PUs may be met by using multi­
ple antennas to guide the cognitive signals away from the primary receivers, or 
by using a wide bandwidth over which the cognitive signal can be spread be­
low the noise floor, then despread at the secondary receiver. The interference 
caused by a secondary transmitter to a primary receiver can be approximated 
via reciprocity if the secondary transmitter can overhear a transmission from the 
secondary receiver’s location. Alternatively, the secondary transmitter can be 
very conservative in its output power to ensure that its signal remains below the 
prescribed interference threshold. In this case, since the interference constraints 
in underlay systems are typically quite restrictive, SUs are limited to short range 
communications. While the underlay paradigm is most common in the licensed 
spectrum, it can also be used in unlicensed bands to provide different classes of 
service to different users.
O verlay techniques: Overlay cognitive radio techniques have been proposed 
by the information-theoretic community as the optimal way for two interfering 
communication systems to share the spectrum. The enabling premise for overlay 
systems is that the secondary transmitter has knowledge of the PU’s codebooks 
and its messages as well. The codebook information could be obtained, for exam­
ple, if the PUs follow a uniform standard for communication based on a publicized 
co debook. Alternatively, they could broadcast their codebooks periodically. A 
primary message might be obtained by decoding the message at the secondary 
receiver. However, the overlay model assumes the primary message is known at
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the secondary transmitter when the PU begins its transmission. While this is 
impractical for an initial transmission, the assumption holds for a message re­
transmission where the SU hears the first transmission and decodes it, while the 
intended receiver cannot decode the initial transmission due to fading or interfer­
ence. Alternatively, the PU may send its message to the SU (assumed to be close 
by) prior to its transmission. Knowledge of a PU’s message and/or codebook 
can be exploited in a variety of ways to either cancel or mitigate the interference 
seen at the cognitive and primary receivers. On the one hand, this information 
can be used to completely cancel the interference due to the primary signals at 
the secondary receiver by sophisticated techniques, like dirty paper coding. On 
the other hand, the secondary users can utilize this knowledge and assign part 
of their power for their own communication and the remainder of the power to 
assist (relay) the primary transmissions. By careful choice of the power split, the 
increase in the PU’s SNR due to the assistance from cognitive relaying can be 
exactly offset by the decrease in the PU’s SNR due to the interference caused by 
the remainder of the SU’s transmit power used for its own communication. This 
guarantees that the PU’s rate remains unchanged while the SU allocates part of 
its power for its own transmissions.
In terw eave techniques: The interweave paradigm is based on the idea of op­
portunistic communication and was the original motivation for cognitive radio 
[20]. The idea came about after studies conducted by the FCC [5] and indus­
try [9] showed that a major part of the spectrum is not utilized most of the 
time. In other words, there exist temporary spacetimefrequency voids, referred 
to as spectrum holes, that are not in constant use in both the licensed and un­
licensed bands. These gaps change with time and geographic location and can 
be exploited by SUs for their communication. Thus, the utilization of spectrum 
is improved by opportunistic frequency reuse over the spectrum holes. The in­
terweave technique requires knowledge of the activity information of the PUs
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in the spectrum. To summarize, an interweave cognitive radio is an intelligent 
wireless communication system that periodically monitors the radio spectrum, 
intelligently detects occupancy in the different parts of the spectrum, and then 
opportunistically communicates over spectrum holes with minimal interference 
to the active users. Please note the dynamic spectral access considered in the 
contribution of this thesis are all based on this paradigm.
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Figure 2.1: Underlay.
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Figure 2.2: Overlay.
2.2 Spectrum Sensing Algorithm
One of the most important functionalities of a cognitive radio is its ability to 
measure, learn, sense, and be aware of environment, user requirements and ap­
plications, local policies and other operating restrictions. Spectrum sensing is 
the process of sounding the surrounding environment to gain awareness on in-
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cumbent users present in the same or adjacent geographical area. Aiming at 
the monitoring the usage and characteristics of the covered spectral band(s) and 
is thus required by the SU users in CRNs during the use of licensed spectrum 
bands[22-26]. Spectrum sensing is attractive due to its low infrastructure require­
ments as compared to databases. In this section the principle and performance 
of energy detection and eigenvalue ratio based detection would be presented and 
investigated, respectively.
2.2.1 Energy D etection
Energy Detection (ED) is the simplest and the most common way for spectrum 
sensing [25-28]. The idea behind the ED is that the energy of the received signal 
is measured and the output is compared with a threshold which depends on the 
noise floor and is selected to satisfy a target probability of false alarm. Since it 
does not need any priori knowledge of the primary signal, the ED is robust to the 
variation of the primary signal. Moreover, the ED does not involve complicated 
signal processing and has low complexity. The received signal can be assumed to 
have the following two simple forms:
Ho : y{n) = w(n)
Hi  : y(n) — h(n) s(ri) +  w(n)
(2 .1)
(2 .2)
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where "Ho and 'Hi are two hypotheses which indicate the absence and presence of 
the primary signal respectively. s(n) is the signal to be detected and w(n) is the 
additive white Gaussian noise. The test statistic for the ED can be obtained as 
the energy summation within the observation time and frequency band of interest 
and can be written as:
T (y) =  ^ E i y ( n ) I2 (2-3)
n = l
where N  = r f s is the number of samples, r  is the available sensing time in 
seconds and f s is the sampling frequency. The decision of the ED regarding the 
subband of interest is given by comparing the decision metric T(y)  against a fixed 
threshold Jed ■
H i
T(y)  ^  (2.4)
H q
The detection performance of the detector are usually summarized with two well 
known probabilities: probability of detection ^  and probability of false alarm 
aPd is the probability of declaring that a channel is occupied when truly the 
signal is present and is obtained by:
%  =  P r (T ( 2/ ) > 7 ED|%i)  (2.5)
ZPfa is the probability of incorrectly deciding that the considered band is occupied 
when actually it is not, and can be formulated as:
=  Pr(T(?/) < 7 2 0  | %o) (2.6)
The white noise is assumed to be complex Gaussian distribution with zero mean 
and variance cr%. Under %0, the test static T(y) is a random variable whose PDF
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Po(x)  is a central chi-square distribution with 2N  degree of freedom for complex 
value case while po(x)  is a non-central chi-square distribution with 27V degrees of
tion respectively.
The performance of ED as a function of collected samples was analyzed in [29, 30], 
who made the following assumptions (i) The primary signal s(n) is an indepen­
dent and identically distributed random process with zero mean and variance 
E(| s(n) |2) =  Cg, (ii) the primary signal s(n) is independent of noise.
Using Central Limit Theorem (CLT), for a large iV, the PDF of T(y) under 
'Hq can be approximated by a Gaussian distribution with mean p0 = cr^  and 
variance (Tq — T (E(ru(n) ) 4 — cr4). If the noise we consider is complex Gaussian, 
E(iu(n ) ) 4 =  2 cr4, thus (Jq =  ^cr4. So we have:
freedom and a noncentrality parameter fi = ]Cn=i I s (n ) |2;
(2.7)
where x In and x In M  represent the central and noncentral chi-square distribu-
(2 .8)
where Q(-) is the standard Gaussian distribution function, i.e.
(2 .9)
According to (2.6):
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POO
gtfa =  Pr (T(y) > jed \'Ho) =  pQ{x)dx (2.10)
J ' T E D
Similarly, under hypothesis Hi, denote e = ^  as the received signal-to-noise ratio 
of PU measured at the secondary receiver of interest. If the s(n) is complex PSK 
modulated and w(n)  we consider is complex Gaussian, using CLT pi(x) which is 
the PDF of T(y) under Hi  can be approximated by a Gaussian distribution with 
mean =  (€ +  l)o^ and variance erf = jj(2e +  1)<7^, thus
T(y) ~  Q | ] (2 .1 1)
According to (2.5) based on the PDF of test static, the probability of detection 
can be approximated by
POO
&>d = Pr  (T(y) > lED \ n 1)= p,(x)dx (2.12)
J  ' f E D
)Æ5 )
For any target probability of detection, the detection threshold can be solved by 
the inverse function of (1 2 ).
To show the impact of sensing length on sensing accuracy, we take ED from 
[30] as an example based on the analysis above. We compare the probability of 
detection and probability of false alarm calculated from Monte Carlo simulations 
and the theoretical results above. 30000 Monte Carlo simulations are performed.
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The PU is assumed to be a QPSK modulated signal with bandwidth 6 MHz. The 
additive noise is a zero-mean complex Gaussian process. In the simulations for 
each sample size and under hypothesis 'Hi, in order to find out the detection 
threshold to achieve the target detection probability , we derived the cdf of the 
30000 test statistics. Then apply this threshold to the hypothesis Ho and derive 
the probability of false alarm. Fig. 3.1 shows the comparison between simulated 
and theoretical probabilities for target 3Pd = 0.9 and SNRp  — -15dB. It can be 
seen that the for the given target the probability of false alarm decreases 
with the increase of the number of samples, which means nothing but the increase 
of sensing time.
 Theory
»  ■ • Simulation
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x 104N um ber of sam ples
Figure 2.4: Probability of false alarm as a function of number of samples (sensing 
time) for a target %  =  0.9, SNRp = -15dB.
2.2.2 Eigenvalue Based D etection
As another efficient technique for spectrum sensing in cognitive radio, eigenvalue 
based detection has been recently proposed in [31-34], The key idea of eigen­
value based spectrum sensing is to infer the presence or the absence of a primary
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signal from the eigenvalue of received signal’s covariance matrix, because the re­
ceived primary signal samples are usually correlated due to multiple receivers, 
multipath channel or over-sampling while the received random noise samples are 
independent. The advantage of this detection method is that it does not require 
any prior knowledge on the noise power or on the signal to noise ratio. Thanks 
to this property, this detection method has been shown to outperform the en­
ergy detection with a performance gap which gets larger as the noise uncertainty 
increases [33].
Consider there are M  collaborating SUs such that each user collects N  samples 
during the sensing time to detect a PU. The SUs may be considered as a M 
receive antennas in one secondary terminal or M  secondary terminals each with 
single antenna, or any combinations of these. The collected samples from M  
collaborating SUs will be forwarded to a fusion center for combined processing 
[35-37]. It is assumed that M  secondary terminals (receive antennas) can collect 
samples successfully and the cost to the fusion center is ignored.
The aim of the SU cognitive phase is to construct and analyze tests associated 
with the following hypothesis testing problem:
%o : y(n) =  w(n) (2.13)
Hi  : y(n) = h(n) s(n) +  w(n)  (2.14)
where y(n) = [2/1 (n), • • • , 2/m(^)]T is the M x 1 observed complex time series 
containing M  samples received at instant n, w(n)  represents a M x 1 complex 
Gaussian noise with zero mean and variance crjy In (2.14), the vector h(n) 
typically represents the propagation channel between the PU and M  collaborating 
SUs and the signal s(n) denotes a standard scalar i.i.d circular complex Gaussian 
process w.r.t samples n = 1,2, ••• ,1V and stands for the source signal to be
detected with E [s2 (n)] =  <r2 7  ^ 0. We stack the observed data into M  x N  data
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matrix Y  which may be expressed as
(  y i W 2/i(2 ) - • yi(N) ^
Y  = 2/2(1 )
2/2 (2 ) • • y2(N)
\  Vm W 2 / m  (2 ) • ' 2/M(AT)/
As the sample number N  —» oo, the sample covariance matrix, R  = j j Y Y H, con­
verges to E [yyH] , where y is the column vector containing M  samples collected 
by M  SUs. If we define R a as the the covariance matrix of correlated primary 
signal vector, we have
R  =  { a l l N ’ n ° (2.16)
Ra + CT^ In ,
where 7^ is /V x A" identity matrix. Note that covariance matrix is generally a 
positive semidehnite Hermitian matrix; its eigenvalues is real and non-negative. 
Suppose the ordered eigenvalues of R  and R s are 0 < Xm < Xm- i < • * * < Ai, 
0 < Pm < Pm- i < • • • < pi, respectively. According to (2.16)
( M ) ,  Wo (217)
(P i +  PM +  < 4 )  R l
Various test statistics have been proposed for eigenvalue-based detection [31, 
38, 39]. The ratio of the maximum and minimum eigenvalues based algorithm 
[40] was briefly introduced. With the correlation among primary signal samples, 
P i >  P m , if the primary signal exists, it is obvious that:
(A i, Am ) —
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(2.18)
otherwise,
(2.19)
Therefore, the decision statistic can be obtained as
(2.20)
If we denote Jer as the decision threshold employed by the detector such that
to decide if the target spectrum resource is occupied or not.
Based on the explanations and assumptions above, we simulate this maximum- 
minimum Eigenvalue Ratio (ER) based detector with various number of N  and M  
to verify this issue. Two main parameters, probabilities of missed detection and 
false alarm are calculated and shown by the Receiver Operating Characteristics 
(ROC) plot. Fig 2.5 illustrates the performance of eigenvalue ratio detector with 
various numbers of collected samples and fixed number of sensors while Fig 2.6 
shows the result with fixed number of collected samples and various numbers of 
sensors. Both the figures verify the fact that the bigger the values of N  and 
M  are, the better sensing performance could be achieved. In other words, it is 
implied that sensing with better performance consumes more energy.
Ri
T n  ^  '1e r  
Ro
(2 .21)
26 Chapter 2. Literature Review
R eceiver O perating C h aracteristics
!
I
I
 M = 10, N = 100
 M = 10, N = 150
 M = 10, N = 200
10
F alse  Alarm Probability
Figure 2.5: Receiver operating characteristics for ER detector with fixed M.
2.3 Channel Capacity and Throughput
Information theory was developed by Claude Shannon as a mathematical frame 
work for studying the limits for reliable communications [41-43]. These revolu­
tionary idea have evolved over time, where today, sophisticated modulation and 
coding strategies allow data rates very close to Shannon’s capacity with very 
low probability of error [44]. For an Additive White Gaussian Noise (AWGN) 
channel, the single user capacity in bits-per-second, is given using the Shannon 
formula as [41]
c=siog2(i+îS) (2-22)
where P  is transmit power, B  is the total bandwidth for the transmission, Nq 
is the Power Spectral Density (PSD) of the noise and h represents the channel 
power gain from the transmitter to receiver.
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Figure 2.6: Receiver operating characteristics for ER detector with fixed N.
An important metric to assess the system performance is throughput, which is 
defined as the average rate of successful message delivery over a communication 
channel. It is important to note that Shannon capacity places no constraint on the 
complexity or delay of the system [45]. Therefore it can be used as a upperbound 
on the achievable throughput [46].
2.4 Energy Efficiency
Up to date, the classic optimization criterion for wireless nerworks has been max­
imising throughput/ capacity/spectrum efficiency, but with huge economic and 
environment gains at stake, much interest has been recently shown towards max­
imizing the energy efficiency. The continuous increase in the energy consumption 
of wireless networks has led to extensive research and development into “green 
communications”. Many research projects on green communications have been
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initiated over past few years. For instance, Energy Aware Radio and neTwork 
tecHnologies (EARTH) [47], is one of the integrated projects under European 
Framework Program 7 which started in January 2010, and aims at reducing the 
overall energy consumption of mobile broadband networks by 50%. In the UK, 
Core 4 of mobile VCE [48] has started the green radio program in 2009, studying 
the energy consumption issues for wireless networks. More recently, a consor­
tium of leading ICT industry and academic experts called Green Touch [49] have 
commenced research on green communications and set to increase the network 
energy efficiency by a factor of 1 0 0 0  (from current level) by 2015.
A common energy efficiency metric used in cellular networks is the Energy Con­
sumption Ratio (ECR) [50, 51], measured in Joules-per-bit, where the energy 
consumed in the entire network over the aggregate capacity is measured. In 
other words, a network is assumed to be more energy efficient if it can transport 
more data using the same energy budget. Since this measure relates the cost (en­
ergy) to the utility (bits), it is more suitable to be assessed at full loads, whereas 
at low-loads, the W /m 2 metric can be more relevant since the main objective is 
to minimize the power consumption over a specific coverage area [52]. The ECR 
metric is also employed in [53], where a high-level methodology is suggested based 
on power saving strategies, and formal energy efficiency criterion is proposed for 
network equipment.
Some studies also took into account the communication distance as well as the 
data rate, where the modified energy efficiency metric was given as bit-meter-per- 
joule [54]. This metric provides a clear understanding of the efficiency of reliably 
transporting the desired bits over a certain distance per unit energy. For cellular 
area coverage, this metric is modified to bits-per-joule-per-unit area.
The energy efficiency study presented in this thesis is based on the bit-per-joule 
metric, which is the most widely used from an information theoretic point of 
view, since it indicates how efficiently energy is consumed for transmitting infor­
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mation. In other words, the bit-per-Joule metric measures the transmission of a 
finite number of bits over a network with limit energy, which is one of the main 
differences between throughput and energy efficiency.
The primary study of energy efficiency point to point link can be tracked back to 
[55], where the authors show that the minimum received bit-energy normalised 
by the noise spectral level can be achieved in AWGN channel by Pulse Position 
Modulation (PPM). More recent studies on energy efficiency using the bit-per- 
Joule metric can be seen in [56-61]. The work in [62] gave a thorough review 
of the literature on physical layer energy-efficient communication for the best 
transmit and/or receive policies which maximize the number of bits that can be 
conveyed over a channel per unit energy consumed.
2.5 Secondary User Frame Structure Optimiza­
tion
To achieve higher throughput and energy efficiency at the same time to provide 
sufficient protection to PUs in CRNs, in this section an optimization problem of 
SU’s frame structure in CRNs is introduced which consists of sensing and data 
transmission slots. Related works on optimization of sensing and transmission 
duration of the frame structure are reviewed.
2.5.1 Throughput Enhancement 
Sensing Slot Length Optimization
Based on the review of last section, one conclusion can be reached that the 
length of the sensing slot determines the accuracy of spectrum sensing detection 
such that the higher accuracy can be obtained by collecting sufficient number
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Figure 2.7: A graphical structure of a typical frame structure of SU cognitive 
transmission.
of samples during the sensing phase, i.e. increasing the sensing length. There 
are two parameters associated with spectrum sensing: probability of detection 
and probability of false alarm, which are determined by the sensing length. The 
higher the probability of detection, the better the PUs are protected. From the 
SUs’ perspective, the lower probability of sensing errors mandates to improve the 
throughput of the SU. Therefore, a tradeoff is required to be defined between the 
sensing length and throughput of the SUs. This tradeoff problem was formulated 
by using the frame structure of SUs [29, 30], which is shown as Fig. 2.7. Each 
frame with frame length T  consists of a sensing slot r  and a transmission slot 
T  — t . At the end of each sensing slot, the secondary transmission starts when 
the licensed channel is considered as idle by the SU. Otherwise, the SU will wait 
until the next frame to sense the licensed channel again before any secondary 
usage.
In [30], the optimization of spectrum sensing time was studied using this sensing- 
throughput tradeoff metric. Specifically, the paper studied the design of sensing 
time duration to maximize the achievable throughput of a single-channel cogni­
tive radio network, under the constraint of the probability of detection. Denote 
Cq as the throughput of the SU when it operates in the absence of PUs, and 
Ci as the throughput when it operates in the presence of PUs. For example, if 
there is only one point-to-point transmission in the secondary network and the 
S N R  for this secondary link is S N R s =  Ps/N 0, where Ps is the received power 
of the SU and N0 is the noise power. Let Pp be the interference power of PU
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measured at the secondary receiver, and assume that the PU’s signal and sec­
ondary user’s signal are Gaussian, white and independent of each other. Then 
Cq =  log2 (1 +  S N R a) and Q  =  log2 ( l  +  pjpfa) = log2 ( l  +  , where
S N R P = Pp/No. Obviously, we have Cq > Ci.
For a given frequency band of interest, let us define P(%i) as the probability 
for which the primary user is active, and P('Ho) as the probability for which the 
primary user is inactive. Then P(%o) +  P(7^i) =  1.
There are two scenarios for which the secondary network can operate at the 
primary user frequency band.
• Scenario I: When the primary user is not present and no false alarm is 
generated by the SU, the achievable throughput of the secondary link is
T —t
rp  L /Q
• Scenario II: When the primary user is active but it is not detected by the 
secondary user, the achievable throughput of the secondary link is
The probabilities for which Scenario I and Scenario II happen are t ))P(Hq)
and (1  — <^2,d(7 , r ) )P(Hi) ,  respectively. If we define
Ro(l, T)  = (1  -  & fail,  r ) )  CoPino) (2.23)
and
R i i l ,T )  = ' C ^ i l - 0 > di i ,T ) )C 1P (H 1) (2.24)
then the average throughput for the secondary network is given by
,R(7 , r )  = .Ro (7 , r )  +  .Ri (7 , t ) (2.25)
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Denote is the target probability of detection with which the PUs are defined 
as being sufficiently protected. In practice, the target probability of detection 
^ d  is chosen to be close to but less than 1, especially for low S N R  regime. For 
instance, in IEEE802.22 WRAN, we choose <0  ^ =  0.9 for the S'AU? of -20dB 
[63]. It is pointed out that if the PUs require 100% protection in its frequency 
band, it will then be not allowed for the secondary usage in that frequency band. 
Also, it is supposed the activity probability P(7?i) of PUs is small, say less than 
0.3, thus it is economically advisable to explore the secondary usage for that 
frequency band. Since Cq > Ci, the first term in the right hand side of (2.25) 
dominates the achievable throughput. Therefore the optimization problem can 
be approximated by
max R(t ) = Po(7 , t )  (2.26)
% ( 7 , T ) > %  (2.27)
For a given sensing time r  , according to (2.13), we may choose a detection 
threshold 70 such that ^ ( 7 0 , t )  — ^ d -  We may also choose a detection threshold 
71 < 70 such that ^ ( 7 1 , r) > ^ d- Obviously, ^ / a(7 i>r ) > Thus
from (2.26) and (2.27), we have # 0 (7 1 ,7-) < # 0 (7 0 , r)  and # 1(7 1 , 7-) < # 1(7 0 , 7-). 
Therefore, the optimal solution to (2.26) and (2.27) is achieved with equality 
constraint in (2.27). Finally, # 0 (7 1 , 7-) + # 1(7 1 , 7-) < # 0 (7 0 , 7-) +  # 1(7 0 , 7-), thus 
the optimal solution to (2.25) is also achieved when the equality constraint in 
(2.27) is satisfied.
When energy detector introduced in last section is applied, using (2.10), (2.12) 
and (2.23) with choosing «% =  finally we have
R ( t ) =  CoP(Mo)—j T~ (0 («+++)) (2.28)
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Figure 2.8: Achievable throughput for the secondary network ( “o” for R(t ), “ • ” 
for R{t )): T=  100ms, S N R P =  -15dB.
where a — \/2e +  — Thus, from (2.28), we can see that the achievable
throughput of the secondary network is a function of the sensing time r. In 
order to prove an optimal sensing slot duration exists using energy detection, 
we suppose the S N R  for secondary transmission is S N R  = —20dB, thus C q  =  
log2(l +  S N R s) = 6.6582 and Ci = log2 ( l  +  =  6.6137. The frame
duration T  is chose to be 100ms. Fig. 2.8 shows the achievable throughput 
versus the sensing time allocated to each frame for the secondary network. In 
this figure, two results are shown: R(r)  of (2.25), and R{r) of (2.28). It is 
seen that for both quantities, the maximum is achieved at the sensing time of 
about 2.55ms. To explore the sensing and throughput tradeoff and based on Fig. 
2.4, Fig.2.9 extends the simulation of 0sf a as function of r  and illustrates the 
normalized achievable throughput for the secondary network, which is defined as 
B(t ) = T p ( l  — &>f a)P('Ho). Again, it reveals a maximum point at the sensing
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Figure 2.9: Normalized achievable throughput for the secondary network: T=  
100ms, SNRp  =  -15dB.
time of about 2.55ms for the case of T =  100ms.
To provide better service for SUs, it is advisable to aggregate the perceived spec­
trum opportunities obtained through simultaneous sensing over multiple chan­
nels. In [64], the design of the sensing time has been investigated in order to 
maximize the average achievable throughput of the multiple channels in cogni­
tive radio network without causing harmful interference to the PUs or exceeding 
the power limit of the secondary transmitter. The optimal sensing length is iden­
tified for the above problem under average power constraint. As an extended 
work of [64], authors in [65] also studied the problem of designing the optimal 
sensing length that maximizes the throughput of a wideband sensing-based spec­
trum sharing cognitive radio network and a wideband opportunistic spectrum 
access cognitive radio network. Different from [64], in [65] the authors introduced
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an average interference power constraint in the wideband opportunistic spectrum 
access scheme (besides the average transmit power constraint), in order to ef­
fectively protect the PUs from harmful interference for the realistic scenario of 
imperfect sensing.
In [29] and [30], the PU is assumed to be either present or absent during the entire 
frame duration. In [6 6 ] the effect of the PU traffic under a more realistic model on 
the performance of the secondary network was investigated for this tradeoff. In 
the new traffic model, the PU traffic is modelled as 1-0 random process, where ’1’ 
represents a busy channel and ’O’ represents an idle channel. Exponential holding 
time is assumed for each state with corresponding mean parameter. It has shown 
that the actual secondary network performance when the random departure or 
arrival of the PU is taken into account is worse than the predicted secondary 
network performance assuming constant occupancy state of the PU. The degree 
of degradation depends on the traffic intensity as well as the received signal-to- 
noise ratio at the SU. Also, the optimal sensing time in the new model varies for 
different primary channel conditions when the PU traffic is considered.
Transmission Slot Length Optimization
Compared with sensing length, transmission duration length also impacts the 
extent of interference between the PUs and the SU and determines the throughput 
of the SU. Therefore the optimization of transmission duration is also necessary 
in order to further improve the throughput. With the same frame structure, 
[63] considered a cognitive radio network that a SU makes opportunistic access 
to a spectrum band which is legally licensed to a PU according to the sensing 
result. Based on the required sensing time and the traffic pattern of PU, an 
optimal value for transmission duration of SU has been determined such that 
the throughput of the SU is maximized. However, in [63], the data transmission 
length is optimized only with single PU coexisting in the cognitive radio network.
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Moreover, the analysis is based on the assumption that the spectrum sensing by 
the SU is perfect.
2.5.2 Energy Efficiency Enhancement
Apparently the majority of the current research aims at improving the throughput 
of cognitive radio network, the research related to energy efficiency issue is very 
limited. In [67], the authors proposed energy efficient based transmission duration 
design and power allocation methods. However, the system model is very simple 
and the interference from PU to SU is ignored. Because the length of sensing slot 
is assumed fixed, the impact of the sensing length on the sensing accuracy is not 
considered. Moreover, the principle and the procedure of the employed power 
allocation method is not given. In [6 8 ], the optimal sensing strategy was studied 
based on sequential sensing over multiple channels. The sensing-access strategies 
and the sensing order is identified to achieve the maximum energy efficiency.
Recent work [69] found idling power was critical to energy saving and power 
consumption for idling is an important factor for CR, because SU has to stop 
transmission and to keep idle when PU appears. As an extension work of [67], 
[70] considered both idling power consumption and CRs sensing duration which 
determined the sensing accuracy, which were not considered in [67]. Thus, energy- 
efficiency for CR which jointly determines its sensing and transmission durations 
were studied in this work. The results showed (i) a larger transmission (idling) 
power requires a longer sensing duration to achieve a more accurate sensing result, 
and (ii) a larger sensing power generates a shorter sensing duration to reduce the 
cost (iiv) With a limited power capacity, SU has to strike a balance in energy 
consumption between sensing and transmission via appropriate idling.
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2.6 Power Control
Power control in wireless networks has been systematically studied since the 
1970s. Over the last 15 years, thanks to the tremendous growth of cellular net­
works and its transformative impacts on society, extensive research on cellular 
network power control has produced a wide and deep set of results in terms of 
modelling, analysis, and design. Transmission powers represent a key degree of 
freedom in the design of wireless networks. In cellular networks power control 
helps with several functionalities:
• Interference management: Due to the broadcast nature of wireless com­
munication, signals interfere with each other. This problem is particularly 
acute in interference-limited systems, such as Code Division Multiple Access 
(CDMA) systems where perfect orthogonality among users are difficult to 
maintain. Power control helps ensure efficient spectral reuse and desirable 
user experience.
• Energy management: Due to limited battery power in mobile stations, 
handheld devices, or any nodes operating on small energy budget, energy 
conservation is important for the lifetime of the nodes and even the net­
work. Power control helps minimize a key component of the overall energy 
expenditure.
• Connectivity management: Due to uncertainty and time-variation of wire­
less channels, even when there is neither signal interference nor energy limi­
tation, the receiver needs to be able to maintain a minimum level of received 
signal so that it can stay connected with the transmitter and estimate the 
channel state. Power control helps maintain logical connectivity for a given 
signal processing scheme [71].
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Specifically, most of the treatment is devoted to uplink transmission from Mobile 
Station (MS) to Base Station (BS), although extensions to downlink transmission 
from a BS to MSs are sometimes discussed as well. In many formulations up­
link problems are more difficult to solve, although there are exceptions like joint 
power control and beamforming, and in other formulations uplink and downlink 
problems present interesting duality relationships. Uplink power control is also 
often more important in systems engineering of cellular networks. First, BS power 
consumption is of less importance in comparison to MS power consumption. Sec­
ond, the downlink intra-cell interference is much smaller in comparison to uplink 
intra-cell interference, because maintaining orthogonality of resource allocation 
(e.g., code allocation in CDMA, tone allocation in Orthogonal Frequency-Division 
Multiplexing (OFDM), or frequency and time slot allocation in Global System for 
Mobile Communications (GSM)) to MSs within a cell on the downlink is easily 
accomplished by the BS. Third, BS locations are fixed and inter-cell interference 
is less bursty.
There are also some related work on power control specifically for cognitive radio 
networks. In [72], an opportunistic power control strategy for the cognitive user 
was proposed, which has been proven to be effective in the sense that it maximizes 
the achievable rate of SU while guaranteeing the outage probability of the PU 
not to be degraded. Similarly, with known channel primary radio link, a power 
control for the cognitive radio fading channel was studied in [73] to maximize 
its ergodic capacity subject to the cognitive user’s transmit power constraint as 
well as the constraint on the maximum ergodic capacity loss of the primary radio 
link due to the cognitive radio transmission. In [74], the author considered the 
problem of maximizing the throughput of a cognitive radio network while pro­
tecting primary users of the spectrum. Two mixed distributed/ centralized control 
schemes (for downlink and uplink scenarios) that require minimal cooperation be­
tween cognitive and primary devices were proposed. It has been shown that the
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algorithms result in significant performance gain, in terms of the downlink and 
uplink throughput of the cognitive network. Different from previous works, the 
aim of the analysis on the power control strategy for cognitive radio network in 
this work would be not only at throughput or capacity, but mainly for energy 
efficiency enhancement.
2.7 Chapter Summary
This chapter studied the state of art on cognitive radio, spectrum sensing, through­
put, energy efficiency, power control and the optimization method for the through­
put and energy efficiency enhancement.
The concept of cognitive radio which was first introduced by Mitola was studied 
along with the spectrum awareness and spectrum utilization. Two spectrum sens­
ing algorithms, energy detection and eigenvalue based detection, were reviewed 
for the performance analysis of spectrum awareness. Beside, three main spectrum 
utilization methods, namely interweave, underlay and overlay, were identified for 
their main concepts and existing solutions.
Both as the main significant performance metrics of wireless communication sys­
tem, throughput and energy efficiency were addressed. A thorough review of 
the state of art on the throughput and energy efficiency enhancement by SUs’ 
frame structure optimization, with a general introduction of power control in or­
der to further explore the balance of throughput and energy efficiency as well 
as to control the interference to PUs in cognitive radio networks. However, the 
related research on frame structure are still very limited and always for simple 
and impractical system models. The following contributions address this issue 
and provide sufficient analysis for the optimal frame structure selection.
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Chapter 3
An U pperbound Approach for 
Eigenvalue R atio Based  
D etection
Eigenvalue ratio detector uses the ratio of the largest eigenvalue to the smallest 
eigenvalue as a test statistic and gives the decision threshold for spectrum sensing. 
In this chapter, a new approach to determine the distribution of ratio of the largest 
and the smallest eigenvalues is introduced to calculate the decision threshold and 
sense the spectrum, we derive a simple and analytically tractable expression for 
the distribution of the ratio of the largest and the smallest eigenvalues based on 
upperbound on the joint PDF of the largest and the smallest eigenvalues of the 
received covariance matrix. The performance analysis of proposed approach is 
compared with the empirical results. The decision threshold as a function of a 
given probability of false alarm is calculated to illustrate the effectiveness of the 
proposed approach.
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3.1 Introduction and System Model
For ER detection, the decision threshold is precalculated, which is determined 
by the distribution of the test statistics T/v- However, the exact distribution of 
the test statistics of the ER detector is generally a mathematically intractable 
function. Some semi-analytical approaches for the distribution are presented in 
[75, 76] where the computational complexity becomes intractable with the in­
crease in number of SUs K  and received samples N.  The exact expression for 
this ratio has also been derived in [33], however the distribution can only be 
evaluated numerically. The complexity of the exact expression may become com­
putationally cumbersome with the increase in K  and N. As a consequence, a 
Gaussian approximation is introduced in [35] to derive the analytical distribution 
of T/v such that the decision threshold 7  can be calculated. The derived decision 
threshold is based on the asymptotic Gaussianity of the extreme eigenvalue dis­
tribution obtained by fitting asymptotic moments of Tracy-Widom distribution 
of order two [77]. Despite the simplicity of the decision threshold, the proposed 
approximation is only valid under the assumption that the distribution of the 
largest and the smallest eigenvalues converges to the Trace-Widom distribution 
of order two [77]. It has been also shown that such convergence only occurs when 
K  —> 0 0 , TV -> 0 0  and ^  C E (0,1). However, the resulting Cumulative Dis­
tribution Function (CDF) of the Trace-Widom random variable involve matrix 
determinants with function entries that are difficult to evaluate when K  and N  
are larger. Therefore, the most of the previous approaches not only based on 
asymptotic assumptions but also leads to mathematically complicated solution.
In this contribution, our main concern is to develop a mathematically tractable 
solution to solve the problem of sensing the presence or absence of the PU with the 
collaboration of finite number of SUs. We introduce a mathematically tractable 
approach to derive the distribution of ratio of the largest and the smallest eigen-
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values. The derived distribution is based on the upperbound on the joint PDF of 
the largest and the smallest eigenvalues. Compared with different number of SU 
cases, it has been shown that the proposed approach is applicable to the scenarios 
when few SUs are collaborating to sense the presence or absence of the PU in a 
given sensing time with a total sensing energy constraint.
The system model of eigenvalue based detection has been clearly described in the 
section 2 .2 .2  in chapter 2 .
3.1.1 U pperBound on Joint Power Spectral Function of  
Extrem e Eigenvalues
If gxi,xK {x,y) denotes the joint PDF of the largest and the smallest eigenvalues 
such that g\u\ K(x,y) satisfies [78]
ated marginal PDF of the largest and the smallest eigenvalues can be respectively 
calculated as
9 A i , A j X % , 2 / ) < A i , A * ( a ; , 2 / ) =  ï M - z / )  % % ( # + *  3 ) ^ ( N  % i )
where CK,N — i with P (•) is the Gamma function [33]. The associ-4T(K-l)r(N-K+l)
= CK>N 212{n~k+1) F e™l x*± ( N + K - 3 )  ( 3 . 2 )
Ck ,n  2 ^ n + k ~1) T Q(7V + K - 1 ) SJ e"2 y h
Also, the associated marginal CDFs of the largest and the smallest eigenvalues
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can be respectively calculated as
F\i (x ) =  [  &
Jo
= c KiN 2n r  Q(iv  -  i f  + 1)  ^ ^rQ(Jv + j v - i ) ^ - r U ( N  + K - i ) ,
(3.4)
FxAv)  =  f  h  A v ' W
Jo
= c K,Jv2JvrQ(Ar + ü r - i )^  ^ r Q ( j v - x  + i)^ - r Q ( 7 v - x  + i),
(3.5)
where F (.,.) is the incomplete Gamma function [79].
Simulation
-  -  Upperbound approach
H 0.6
Ü  0.4
Largest Eigenvalue (Ai)
Simulation
-  -  Upperbound approach
^ 05
Smallest Eigenvalue (A#)
(a) (b)
Figure 3.1: CDFs of the largest and the smallest eigenvalues for i f  =  2 and 
N  = 150.
Fig. 3.1(a) and Fig. 3.1(b) shows the CDFs of the largest eigenvalue and the 
smallest eigenvalue using (3.4) and (3.5) respectively for i f  =  2 and N  = 150. 
The analytical CDFs are compared with the empirical CDFs (compare the solid 
curve with the dashed curve). The empirical CDFs of A% and XK are obtained in
to 
| 
t>0 
| S
~3
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Figure 3.2: CDFs of the largest and the smallest eigenvalues for K  = A and 
N  = 150.
Matlab by applying ecdf commend to this two simulated extreme eigenvalues of 
covariance matrix of collected sample matrix as explained in Chapter 2. It can 
be seen that the marginal CDFs of the largest and the smallest eigenvalues are 
behaving same as the empirical CDFs. However, the known difference between 
the two CDFs is due to the obvious reason that the analytical CDFs are derived 
from the upperbound on the joint density or distribution. It is to note that the 
results are still useful to calculate the decision threshold numerically as a function 
of probability of false alarm. Similarly, in Fig. 3.2(a) and Fig. 3.2(b) the CDFs of 
the largest and the smallest are calculated for FT =  4 and N  =  150. It is observed 
that the intrinsic difference between the empirical and upperbound CDFs (due 
to upperbound on joint density or distribution) increases with the increase in 
number of collaborating SUs. However, a tighter upperbound results is expected 
to be reported at a later date which is calculated using [80].
Despite the fact that our results are based on the upperbound, the decision thresh­
old can be easily calculated numerically to decide the occupancy of the spectrum.
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Table 3.1: Numerical values of (3.8) for selected values of K  and N
F  =  Fz (z) F  = 0.1 F  =  0 .2 II o GO II o 4^ F  =  0.5 F  =  0.6
* II to I—1 ox o 0.8200 0.8800 0.9300 0.9700 1 .0 1 0 0 1.0600
K  =  4, iV =  100 0.8200 0.9000 0.9600 1 .0 1 0 0 1.0600 1 .1 2 0 0
K  =  4, jV =  150 0.8400 0.9100 0.9600 1 . 0 0 0 0 1.0400 1.0900oor—
1
IIooII 0.8900 0.9700 1.0400 1.0900 1.1500 1 .2 1 0 0
3.1.2 D istribution of Eigenvalue Ratio
In this part, we introduce a novel application of upperbound on the joint PDF 
of the largest and smallest eigenvalues to calculate the decision threshold as a 
function of probability of false alarm.
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Figure 3.3: Decision threshold as a function of probability of false alarm for i f  =  2 
and N  = 150.
We first derive the PDF of the ratio of the largest and the smallest eigenvalues 
Tn  and then derive CDF of the ratio. The CDF of the ratio between Ai and XK
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Figure 3.4: Decision threshold as a function of probability of false alarm for i f  =  4 
and N  =  150.
i.e., z =  ^ can be expressed as
Fz {z) <  z j  =  P{x  < y z , y > 0 } =  J  f Xu\ K{x,y)dxdy (3.6)
Using (3.1), the PDF of the ratio can be calculated as
d r
roo
:,n  /  y e - ^ z+1)z ^ N+K- 3)yN- 2 dy
Jo
roo
:,n  z ï {N+K~3) /  dy
Jo
= c K' 
= CK..
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Finally, we arrived at
fz(z) = CK,Nr(N) 2n z ^ N+K- 3\ l  + z)~N (3.7)
The CDF of the ratio T/v can be calculated as
Fz {z) =  Ck ,n  T(N)  2 "  T  z' ^ + k - 3)^ + z' y N dz,
Ck ,n  2" ( r  Q ( A T - K  +  l ) ^ r Q ( J V  +  J f -  1) )
(3.8)
where 2-^1 (a, b] c; z) is the Hypergeometric Function [81].
Using (3.8), the numerical values of CDFs of ratio of the largest and the smallest 
eigenvalues for selected values of K  and N  are available in Table. 3.1. As desired, 
the resulting decision threshold 7  for a given probability of false alarm (Pf) is 
calculated numerically by solving
It is to note that in (3.8), ^ ( 7 ) is solved numerically in Matlab using the trape­
zoidal integration method [81]. For a given target Pf , the corresponding the 
decision threshold for AT =  2 and N  = 150 is shown in Fig. 3.3. The analytically 
calculated decision threshold is compared with the simulation based approach 
(compare the solid curve with the dashed curve). It can be seen that the results 
of our proposed approach is acceptable for low probability of false alarm. How­
ever, there is a tradeoff between the acceptable performance and mathematical 
tractability with the calculation of decision threshold. Similarly, Fig. 3.4 shows 
the calculated decision threshold as a function of range of probability of false
Pf = l  - ^ ( 7 ). (3.9)
3.1. Introduction and System Model 49
,6 10"
 Energy Detector
ER Detector - basal on simulation 
-  -  -  ER Detector - based on Upperbound
l(f2
False Alarm Probability (P /a)
Figure 3.5: Receiver operating characteristic (ROC) curves for K  = 20 and 
iV =  50.
alarm for RT =  4 and N  = 150. In addition, more different combination of K  and 
N  had been examined as above. Compared with all these different cases, it can 
be seen that decision threshold based on our approach is useful for reasonably 
small number of collaborating SUs to detect the occupancy of spectrum.
Finally, the ROC curves are given in Fig. 3.5 which shows achieved probability 
of missed detection under % 0 versus the probability of false alarm under Hi.  In 
this figure, we assume a constant modulation transmitted signal with K  = 20 
collaborating SUs and N  = 50 samples during the given sensing time. The S N R  
is set to be —10 dB, while the noise uncertainty is set to 1/2 dB. It is apparent that 
ER detector behaves better than energy detector. The detection threshold of ER 
detector based on the upperbound approach is derived as the method to plot Fig.
3.3 and Fig. 3.4. It can be observed that the result based on our upperbound 
approach is acceptable for reasonably low range of probability of false alarm. 
However, we have a lower bound to the simulation result for comparably high 
range of probability of false alarm (compare the red solid curve with the black
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dashed curve).
3.2 Chapter Summary
In this chapter, we used upperbound on joint PDF of the largest and the smallest 
eigenvalues of the received covariance matrix to derive a simple and analytical 
tractable expression for distribution of ratio of eigenvalues. It has been shown that 
the upperbound can be exploited effectively to approximate the decision threshold 
for a given probability of false alarm. The proposed approach is useful specially 
for reasonably small number of collaborating SUs. However, a tradeoff is required 
to be defined between acceptable performance and mathematical tractability of 
the detection problem.
Chapter 4
Norm alized Throughput 
Enhancem ent by Frame length  
O ptim ization in C R N s
The major motivation of cognitive radio technique is to improve spectral efficiency 
subject to the current resource crisis. How much the spectral efficiency of target 
licensed spectrum band is enhanced strictly depends on the throughput of SU. 
This chapter considers a cognitive radio transmission where the frame structure 
of SU consists of sensing and data transmission slots. In order to achieve the 
maximum normalized throughput of the SU and control the interference level 
to the legal PUs, the optimal frame length of the SU is investigated and found 
via simulations. In this context, a new analytical formula has been expressed for 
the achievable normalized throughput of SU with multiple PUs under prefect and 
imperfect spectrum sensing scenarios. Moreover, the impact of imperfect sensing, 
variable frame length of SU and the variable PU traffic loads, on the normalized 
throughput is critically investigated. The analytical results are much useful to 
determine how to select the frame duration length subject to the parameters of
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cognitive radio network such as network traffic load, achievable sensing accuracy 
and number of coexisting PUs.
4.1 Introduction and System Model
In cognitive radio networks, the throughput of the SU is an important parameter 
which should be maximized under the condition that the interference level to the 
PU should be below a certain threshold. In this context, a typical frame structure 
is considered for the SU which comprises of the sensing and the data transmis­
sion slots. The sensing slot and the data transmission slot are required to be 
coordinated in a unit frame such that (i) the amount of transmitted data packets 
increases and (ii) the number of collisions with the PUs decreases. We consider a 
variable data transmission length with constant sensing length which also means 
variable frame length. Moreover, we analyze the normalized throughput of the 
SU who is allowed to make opportunistic access to the spectrum bands which are 
originally licensed to the multiple PUs coexisting in the network with a frequency 
division multiplexing system, which means the PUs and channels are one to one 
mapping.
A single SU1 coexisting with K  PUs in the cognitive radio network is considered, 
which means there are K  channels available for the SU to sense and to access, if 
available. The SU may be considered as a secondary terminal with M  transmit 
antennas such that the SU collects N  samples from each PU during the sensing 
phase for each sensing. The collected samples will be forwarded to a fusion center 
for combined processing and decision. As discussed in chapter 2 , the typical frame 
structure of the SU considered here is shown in Fig. 2.7 where each frame with 
length T  consists of the sensing slot with length r  and the data transmission slot 
with length T  — r. The data transmission of the SU is activated subject to the 
:a SU/PU in this chapter stands for a SU/PU pair which consists of transmitter and receiver.
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spectrum sensing results based on the typical two hypotheses
'Ho : y(n) = w(n),  (4.1)
Hi  : y(n) = h(n) s(n) +  w(n),  (4.2)
where y(n) = [yi(n), • • • ,yM(n)]T is the M  x 1 observed complex time series 
containing M  samples received at instant n; w(n)  for all n =  {1,2, ••• , N }  
represents a M  x 1 complex circular Gaussian white noise process with unknown 
variance cr .^ In (4.2), the vector h(n) typically represents the propagation channel 
between the corresponding PU and M  antennas and the signal s(n) for all n =  
{1, 2, • • • , N }  denotes a standard scalar i.i.d circular complex Gaussian process 
with zero mean and unit variance and stands for the source signal to be detected. 
Hypothesis H q and Hi  stand for the spectrum band detected are idle and occupied 
respectively.
The SU transmits data during the data transmission phase only when the sensing 
result during the sensing phase is H q, otherwise the SU will keep silent until the
next frame. A typical cognitive radio transmission with two PUs of such system
model is shown in Fig. 4.1. If more than one spectrum bands of PUs are sensed 
idle (available) to the SU, it is assumed that the SU chooses the best channel to 
transmit data packets. The quality of channel could be estimated by very short 
time compared with the sensing length. For example, in IEEE 802.11a, only 4 
pilot symbols are used for channel estimation [44] while in IEEE 802.22 wireless 
regional area network (WRAN) thousands of samples are required for a typical 
sensing [82]. Therefore, for the frame structure of SU, the channel estimation 
time could be ignored and thus is not considered in Fig. 4.1.
Furthermore, we assumed (i) the traffic loads of the PUs are exponentially dis­
tributed with the mean of the occupied and the idle durations denoted by oq and 
respectively, (ii) the SU is heavily loaded and always has packets to transmit
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Figure 4.1: A graphical structure of a typical cognitive radio transmission with 
K  — 2 PUs with perfect sensing.
because of its secondary priority for the spectrum usage. The packet collisions 
during the transmission arc considered as interference since the collided packets 
arc assumed to be lost. In this context, in order to maximize the throughput, 
the interference should be minimized. For the perfect spectrum sensing case, 
collisions occur only when the corresponding PU activate during the data trans­
mission phase of the SU, which is illustrated by Fig. 4.2. While for the imperfect 
spectrum sensing scenario, there arc extra collisions which occur due to false 
detection of the spectrum, i.e. the situation where the spectrum is actually oc­
cupied by the PUs and wrongly detected as idle which is referred to as missed 
detection. It is to note that multiple access control can also avoid data collision, 
but mainly when multiple SUs arc considered. If more than one SUs try to access 
the same channel, multiple access control may select the proper SU to avoid the 
collisions between SUs. The proper SU selection may also further reduce the 
collisions between the selected SU and PU. Some similar works have been done 
on this issue such as [83, 84]. However, in this chapter we assume only one SU 
existing in the cognitive radio network and therefore the collisions are between 
the SU and the PUs. Moreover, another type of spectrum sensing errors which is 
referred to as false alarm further decreases the throughput of the cognitive radio
4.2. Normalized Throughput for the SU 55
transmission of the SU and reduces the spectrum utilization efficiency. Therefore, 
it is im portant to discover the degradation to the throughput due to imperfect 
sensing under variable traffic loads of PUs.
r = o
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channel 1
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Collisions
Figure 4.2: A graphical illustration of data packets collision when PU becomes 
active in a typical cognitive radio transmission with perfect sensing.
4.2 N orm alized  Throughput for th e SU
We consider there arc K  PUs and each of the K  channels has the same channel 
capacity which is denoted as C. Let us define P* and P*p as the probability of the 
collision for the SU during the cognitive radio transmission when no sensing error 
occurs and when missed detection occurs respectively. Analytical expressions of 
the throughput for the SU under these two scenarios will be given in the following 
sub-sections.
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4.2.1 Throughput of SU with Perfect Spectrum  Sensing
With perfect spectrum sensing, the sensing results are always accurate. The SU 
will keep silent only if all channels are occupied, otherwise the SU will transmit 
data during the data transmission phase. If we assume that i indicates the number 
of occupied channels while K  — i indicates the number of free (idle) channels, 
where i = 0, For any sensing instant, the probability that there are i
occupied channels and K  — i free channels is determined by the traffic density of 
the PUs and could be expressed as
the traffic that each PU generates on the respective channel [85]; as mentioned 
in last section, ou and a0 are the mean of the occupied and the idle durations of 
PUs traffic loads, respectively. Similarly, for any sensing instant, the probability 
that the SU senses at least one free channel and is allowed to access one of them, 
is given by
(4.3)
where /3 = is the traffic load factor which is defined as the amount of
P(K,i<K) = (l “ PK) ■ (4.4)
Now the throughput of the SU can be expressed as
r ;(k , t ) = (i _  p ;)  c . (4.5)
and the normalized throughput can be expressed as
(4.6)
4.2. Normalized Throughput for the SU 57
where P{k ,î<k ) is given as (4.4). It is to note that since the length of the sensing 
slot is fixed, the longer the frame duration T, the higher the probability that 
the PU will become active during data transmission phase, which leads to more 
collisions for both the PU and the SU thus decreasing the throughput of the SU. 
To this extent, we may now calculate the to obtain the normalized through­
put expression of the cognitive radio transmission of SU under perfect spectrum 
sensing with multiple PUs.
We define t as the time required for PU to become active from starting point 
of data transmission slot in the current frame, which is shown in Fig. 4.2. The 
collision duration of the current frame with PU can be expressed as
y(t) =  <
T  — t  — t, 0 < t < (T — t )  
0, i > ( T - r ) ,
(4.7)
Because the random variable t is exponential distributed, the PDF of t is
(4.8)
and the mean time that the SU transmit with collision as shown in Fig. 4.2 may 
be expressed as
ÿ(T) = £  \ t - t -  t)P(t)dt =  T  -  r  -  ao ( i  -  exp ( - ^ £ )  )  > (4-9)
where the mean time that the SU transmit with collision is a function of frame 
length T. Finally, we can calculate P* [8 6 ] as
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By substituting (4.4) and (4.10) into (4.6), the normalized throughput of the SU 
with K  PUs coexisting in the network can now be expressed as
Rr(K,T)  =  (1 - /? * )  ^  ( l  -  exp ( - ^ ) )  ■ (4.U)
4.2.2 Throughput of SU with Imperfect Spectrum  Sens­
ing
In real time environment, spectrum sensing is always imperfect and the sensing 
errors may be categorized as (i) errors due to missed detection and (ii) errors due 
to false alarm. Missed detection leads to more collisions between the SU and the 
PUs where the channel is wrongly considered idle while the false alarm makes the 
SU keep silent even if the idle channel is available to SU. Let pmd and p/a denote 
the probability of missed detection and the probability of false alarm respectively 
for each sensing result to each channel. Here, if missed detection occurs, there 
is a probability that the PU becomes idle (inactive) before the current frame 
ends, which gives very limited contribution to the throughput of the SU. Fig.
4.3 is a graphical illustration to show this limited contribution to the normalized 
throughput due to missed detection.
In order to obtain the expression of the accurate normalized throughput of the 
SU, firstly it is necessary to calculate the probability of collision due to missed 
detection fj?. We define r as the time required for PU to become idle from the 
starting point of data transmission slot in the current frame as also shown in 
Fig. 4.3. The collision free duration of the current frame with PU can thus be
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expressed as
z(r) =
T  — t — r, 0 <  ?’ <  (T — r)
(4.12)
0, r  >  ( T - T ) .
Because the random variable r is also exponentially distributed, the PDF of r is
1 f  rQ(r) - — e x p -----
(^1 \  CKi
(4.13)
and with missed detection the mean time that the SU transm its without collision 
as shown in Fig. 4.3 may be expressed as
z{T) — J  (T - r  — r)Q{r)dr = T  -  r  — ai -  exp (4.14)
The percentage of collision transmission out of data transmission duration is
(4.15)
p t  = T - r - m  = ^ ( i _ c x p ( _ T - r
T - t T - t
r  =  0
PU
su
r
g Frame
1 *
Sensing(missed
detection) Transmission collide with PU
Transmission
Succeed
z ( T )
T T -  T
Occupied Idle
Figure 4.3: A graphical illustration of a typical cognitive radio transmission with 
missed detection.
Then we may start to conclude the expression of normalized throughput of SU 
with imperfect spectrum sensing. Similarly, for any sensing instant, we still as-
60 Chapter 4. Normalized Throughput Enhancement in CRNs
sume that i indicates the number of occupied channels while K  — i indicates the
number of free channels, where i =  0 , K.  After sensing, we denote m  as the
number of missed detected channels out of i occupied channels and n as the num­
ber of false alarmed channels out of AT — i free channels. In this case, K  — i — n 
indicates the number of correctly sensed free channel while i — m  indicates the 
number of correctly sensed occupied channel. For any given «, the probability 
that there are n sensed channels with false alarm out of AT — 2 actual free chan­
nels and the probability that there are m  sensed channels with missed detection 
out of i actual occupied channels are given by
P(»|K,i) =  ( l - P / a ) K“i“’l P/a. (4.16)
P {m \K ,i)  =  i)- ~  P m d )  P m di  (4.17)
respectively, where m =  0,..., i and n =  0,..., K  — i. Consequently, for any sensing 
instant, the joint probability that there are i channels are actually occupied ( K — i 
channels are actually free) and after sensing there are n sensed channels with false 
alarm out oî K  — i actual free channels at same time there are m  sensed channels 
with missed detection out of i actual occupied channels could be expressed using 
chain rule of conditional probability [8 6 ] as:
P(K,i ,m ,n)  P (K ,i )  P(n\K ,i)  P (m \K ,i ) i  (4.18)
where P(K,i) is given as (4.3). IfAT — i — n =  0  and at the same time m =  0 , 
which means all busy channels are sensed correctly and all free channels have false 
alarm, the SU will keep silent and there is no throughput contribution, otherwise 
the SU will transmit data during data transmission slot using one of the K  — i — n 
correctly sensed free channels or m  missed detected busy channel as the SU is
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supposed to choose the best channel to transmit. It is assumed all PUs and the 
SU are randomly located in a unit area and also channel quality is varying with 
time and location. Therefore, we can say the best channel would probably be 
any one of all channels, which means choosing the best channel is equivalent to 
randomly choosing a channel out of all sensed free channels if we consider huge 
amount of Monte Carlo Simulations. Thus, the probability that one of missed 
detected busy channels would be chosen by the SU is K_™n+rn and similarly the 
probability that one of correctly sensed free channels would be chosen is K*~^n+m ■ 
For any given i, m  and n, we calculate the normalized throughput of the SU as:
(4 19)
where
L = <
0 , i f K  — i — n + m  — 0
.  ^  (1 -  + T r a s  (1 "  P i ) )  > i f K - i - n  + m ^ O
(4.20)
In order to calculate the overall normalized throughput, all combinations of i, 
m,  n should be considered. Then using the law of total probability [8 6 ], the 
normalized throughput of the SU with imperfect spectrum sensing can be finally 
expressed as:
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K  K - i  i
RiP(K,T)  =  c m ? ' n(K,T)
i—O n=0 m=0  
K  K - i  i
= E CX P(^> E E C î- i  C!”P(nlK,i> PtmlKA L, (4.21)
i=0 n=0 m=0
by substituting(4.3), (4.16) and (4.17) into (4.21), then
=  £ < ? * ( ! -  P)K-‘ P ' E È  CK-i (1 -  P/af-^lC,  (1 -  Pnu,rm L,
i=0 n=0 m=0
(4.22)
where Cf =  and by substituting(4.10) and (4.15) into (4.20), then L could
be expressed as
0 , i f K  — i — n - h m  = 0
L — <
.. ao(Ed z r t).- ( i  — exD j___ m ilzl)_________ vm ___ f i  _  exD
T ( K - i - n + m )  ^  ^  \  a 0 )  )  ^  T ( K - i - n + m )  T ( K - i - n + m )  V  \  a i / / '
i f K  — i — n + m ^ O
(4.23)
4.3 Simulation Results and Discussions
We simulate the cognitive radio network under perfect and imperfect spectrum 
sensing environments with multiple PUs to determine the impact of imperfect 
sensing, variable frame length and variable PUs’ traffic load on normalized through­
put. 20000 Monte Carlo simulations are performed and the simulation settings 
of cognitive radio transmission are described as follows [63] :
• PU transmission rate =  20 ms/packet.
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• SU transmission rate =  1 ms/packet.
• The sensing length r  =  1 ms with probability of detection 95% and proba­
bility of false alarm 5%.
• Two types of traffic loads are considered:
1. Normal traffic load, i.e. Voice over Internet Protocol (VOIP) traffic 
[63] with ao =  650 ms, a i =  352 ms and j3 =  0.35, i.e. 35% traffic 
load (this is considered as a benchmark PU traffic load in the following 
discussions).
2. Heavy traffic load with &o = cti and /3 =  0.5, i.e. 50% traffic load.
4.3.1 Effect of Variable Num ber of PU s on Throughput
In this section, we investigate the impact of multiple PUs in cognitive radio 
networks under prefect and imperfect spectrum sensing and variable PU traffic 
loads. Simulation results are discussed and compared with analytical results later 
in this section.
Fig. 4.4(a) shows the probability of collision for SU under the normal and the 
heavy traffic environments with perfect spectrum sensing. The probability is 
calculated as the ratio of number of collided packets to the total number of 
transmitted packets during the cognitive radio transmission. The probability of 
packet collisions is found higher under heavy traffic load since more frequent 
packets transmissions lead to more collisions. It should be noted that under 
the perfect spectrum sensing, the probabilities of collisions with variable number 
of PUs are considered as same since the cognitive radio network is under the 
assumption that the SU only use the best channel if more than one channels are 
sensed as idle.
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Similarly, Fig. 4.4(b) shows the probability of total collisions of SU with im­
perfect spectrum sensing and with multiple PUs coexisting in the network for 
VOIP traffic. It should be noted that the total collisions with imperfect spec­
trum includes two parts (i) the collisions when the PUs activate during the data 
transmission phase of the SUs, whose probability is calculated as (4.10) and (ii) 
the collisions due to missed detections, whose probability is calculated as (4.15). 
Here, we assume that the probability of missed detection pm(i and probability of 
false alarm pfa are considered as fixed and both set to be 5% with fixed sensing 
length 1 ms. It can be seen that different from the perfect sensing case, various 
number of PUs result in different probabilities of collision. In comparison with 
Fig. 4.4(a), more collisions (approximately 4%) occur due to the missed detec­
tions and the probability of these extra collisions is given by P*p. However, the 
sensing errors caused by missed detection may be gradually tolerated with the 
increase in number of available channels. This can also be seen by comparing 
the two figures Fig. 4.4(a) and Fig. 4.4(b), i.e. the probability of total collisions 
with imperfect spectrum sensing approaches the Pp with the increasing number 
of PU participating in the cognitive radio network. The same may be considered 
as a reasonable justification of why Pp does not change with an increase in the 
number of coexisting PUs.
Fig. 4.5 shows the normalized throughput of SU as a function of various frame 
length for VOIP network traffic under the perfect and imperfect spectrum sensing 
environments. It can be observed clearly that the throughput of the SU increases 
with the increase in number of PUs which join the cognitive radio network. This 
is due to the fact that the SU has more opportunities to access channels in the 
cognitive radio network with multiple PUs coexisting. However, the throughput 
certainly suffers from imperfect sensing and the degradation is significant when 
perfect and imperfect sensing curves of each pair are compared. This degradation 
is not only due to more collisions but also the false alarm which makes the SU keep
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Figure 4.4: Probability of total collision of SU for: (a) perfect spectrum sensing 
under VOIP and heavy traffic; and (b) imperfect spectrum sensing under VOIP 
traffic.
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silent even if the channel is free. The degradation impact is slightly mitigated 
as number of PUs increases. For example, the imperfect sensing curve is closer 
with the perfect sensing curve for i f  =  5 as compared with other pairs with 
comparatively less number of PUs. It also can be seen that an optimal frame 
length which gives the best throughput can be spotted which is approximately 
located at Topt =  35 ms.
0.95
K =
-J P
0.9
^  0.85
K  =  3
-c. <■ -o. o,
—  A nalytical - Perfect sensing
-  -  -  A nalytical - Im perfect sensing
O  Sim ulation - Perfect & im perfect sensing0.65 K =
0.6
*.o—o —
0.03 0.05 0.07 0.09 0.11 0.13 0.15 0.17 0.18
R a m e duration (T) (Seconds)
Figure 4.5: Normalized throughput vs. frame duration for VOIP traffic showing; 
(i) impact of perfect and imperfect spectrum sensing on normalized throughput 
(compare solid curves with dashed curves for selected values of primary users if) 
and (ii) comparison between simulation and analytical results (compare solid and 
dashed curves with the respective red dotted markers).
Similarly, Fig. 4.6 illustrates the normalized throughput of the SU for heavy 
traffic (j3 =  50%) with perfect and imperfect spectrum sensing environments. 
Similar to the VOIP traffic load case, Fig. 4.6 illustrates the same trend of 
normalized throughput varying as the SU’s frame length varies. Obviously, under
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Figure 4.6: Normalized throughput vs. frame duration for heavy traffic (i.e. 50% 
PU traffic load )showing; (i) impact of perfect and imperfect spectrum sensing 
on normalized throughput (compare solid curves with dashed curves for selected 
values of primary users K)  and (ii) comparison between simulation and analytical 
results (compare solid and dashed curves with the respective red dotted markers).
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heavy traffic load case the optimal frame duration moves to around Topt = 28 ms 
which offers the best normalized throughput of SU. The normalized throughput of 
the SU is worse than that of the VOIP traffic load scenario with any corresponding 
number of PUs because the channels are more often occupied by their licensed 
(legal users) PUs under heavy traffic load. This degradation can be clearly noticed 
by comparing the respective curves in Fig. 4.5 and Fig. 4.6. As an example, 
consider the curves with K  = 2 PUs participating in the network. Under perfect 
spectrum sensing, the normalized throughput of the SU with optimal frame length 
degrades from 0.83 offered by VOIP traffic load to 0.71 offered by heavy traffic 
load, i.e. 17% degradation due to increase in PU traffic load from 35% to 50%. 
Similarly, under imperfect spectrum sensing the degradation due to the increase 
in PU traffic load increases to 19%.
There is another non-intuitive result that can be deduced from comparison of Fig. 
4.5 and Fig. 4.6. That is, for heavy traffic the impact of imperfect sensing on 
normalized throughput with variable number of PUs shows different trends com­
pared with that for VOIP traffic. It can be seen that imperfect sensing curves 
become far from the corresponding perfect sensing curves with the increase in 
number of PUs in the network. This shows that how.the throughput degradation 
due to imperfect sensing varies as the increase in number of PUs, mainly depends 
on the PUs’ traffic loads. When PUs are under relatively high traffic load, im­
perfect sensing degrades more SU’s throughput as PUs’ number increasing while 
the degradation becomes less as PUs’ number increases when PUs are under rel­
atively low traffic load. We choose different traffic loads from 20% to 80% and 
summarize the trend of normalized throughput varying due to imperfect sensing 
as Table 4.1. This result is very useful to determine how to set sensing parameters 
to achieve the required sensing accuracy because the throughput of the SU has 
shown the different sensitivity to sensing accuracy under different traffic loads of 
PUs.
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Finally, it is also illustrated that the simulation results and the analytical results 
are in perfect agreement with both the perfect and imperfect spectrum sensing 
and under both types of traffic loads (compare the red markers with the respective 
solid and dashed black curves).
4.3.2 R elative Throughput Gain at Optimal Frame Dura­
tion
To further explore the effect of the variable number of PUs, we introduce a 
definition of relative throughput gain ((). For any given number of PU, Ç is 
defined as
_ max{%(T,p,)} -  min{fl(.)(r)}
C “  m in{% (T )} ’ ( ' ,
where max{i?(.)(Top*)} is the maximum normalized throughput achieved under 
perfect or imperfect spectrum sensing scenarios with SU’s variable frame duration 
from 10 ms to 180 ms, i.e. the achieved normalized throughput with optimal 
frame duration. Similarly, mm{R(.)(T)} is the minimum normalized throughput 
achieved under perfect or imperfect sensing scenarios with this variable frame 
duration of the SU. The results reflected by both perfect and imperfect spectrum 
sensing under VOIP and heavy traffic loads are summarized in Table 4.2 and Table
4.3 for various number of PUs, respectively. It can been seen that the relative 
throughput gain with optimal frame duration is almost fixed as the number of PUs 
increases. Consistent with the result discussed in last subsection, the throughput 
gain at optimal frame length is mainly affected by traffic loads of PUs, i.e. under 
heavy traffic load it is always more pronounced than the gain under VOIP traffic 
load.
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Table 4.1: SU’s throughput degradation due to imperfect sensing
Number of PUs Traffic load ft20% 30% 40% 50% 60% 70% 80%
1 3.71% 3.23% 2.75% 2.27% 1.80% 1.32% 0.86%
2 2.28% 2.94% 3.31% 3.41% 3.23% 2.78% 2.06%
3 1.50% 2.45% 3.32% 3.98% 4.30% 4.15% 3.43%
5 1.15% 2.05% 3.15% 4.41% 5.59% 6.37% 6.189%
Table 4.2: Relative throughput gain with optimal frame length under VOIP traffic
VOIP traffic
Number of PUs Perfect Sensing Imperfect Sensing
1 6.92% 7.58%
2 7.75% 8.00%
3 7.51% 7.55%
5 8.19% 8.44%
10 7.22% 7.31%
Table 4.3: Relative throughput gain with optimal frame length under heavy traffic
Heavy traffic
Number of PUs Perfect Sensing Imperfect Sensing
1 9.21% 8.02%
2 8.59% 8.69%
3 8.40% 8.21%
5 8.81% 8.93%
10 8.92% 8.73%
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4.3.3 Effect of Variable P U  Traffic Load
Based on previous discussions, one may reach to the conclusion that the increase 
in number of PUs does not affect the optimal frame duration while various PUs’ 
traffic load does. Therefore, it would be more interesting to further explore the 
effect of variable PU activity on the optimal frame duration length. This may 
be considered as a case where the amount of traffic that PU generates is variable 
throughout the day or during a particular time period. For simplicity, we consider 
a case where the cognitive radio network comprises of a PU and a SU. Fig. 4.7(a) 
illustrates the effect of variable load factor on the optimal frame duration of SU 
which achieves the maximum normalized throughput. Here, we vary the load fac­
tor of PU (/?) from 20% to 90%. It can be seen that the optimal frame duration of 
cognitive radio transmission decreases with the increase in PU load factor. This 
leads to a conclusion that in order to maximize the normalized throughput, the 
optimal frame length of the SU cognitive radio transmission should be adaptively 
changed as the variable traffic load of the PU. This is considered as a useful in­
vestigation which is equivalently important for standardization of cognitive radio 
networks specially for a case where the PU traffic load (PU activity) is variable.
Now, we investigate the impact of variable PU traffic load on the interference 
to the PU due to SU cognitive radio transmission. The interference is due to 
the packet collision and the corresponding probability of collision is shown in 
Fig. 4.7(b) as a function of variable PU traffic load with their corresponding 
optimal frame lengths shown in Fig. 4.7(a). It can be seen clearly that the 
interference levels to the PUs decreases with the increase in PU traffic load. 
The reason is that with the increasing PU traffic load although collisions due to 
missed detection increase, the amount of collisions when the PUs activate during 
the data transmission phase of the SU becomes much less, which dominates the 
total amount of collisions and thus the interference level decreases. To control the 
interference level of PU to a tolerable level, an appropriate frame duration should
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be selected subject to different system requirement and achievable throughput. 
In other words, a tradeoff problem between achievable throughput of the SU and 
the interference to PUs needs to be considered when the frame duration length 
of the SU is set for a cognitive radio network.
4.4 Chapter Summary
This chapter analysed the throughput of the SU in a cognitive radio network based 
on the frame structure which consists of sensing and data transmission slots. The 
achievable normalized throughput of the SU has been analytically expressed with 
multiple PUs under perfect and imperfect spectrum sensing environments. The 
impact of coexistence of multiple PUs in the network and subsequently variable 
frame length, on the achievable normalized throughput has been critically illus­
trated for perfect and imperfect spectrum sensing scenarios with variable traffic 
loads of PUs. The analysis with imperfect spectrum sensing is very useful to de­
termine the required sensing accuracy during the cognitive radio transmission of 
SU. The behavior of the imperfect sensing curve has been investigated and it has 
been found that the impact of imperfect sensing on throughput is not only related 
to the number of coexisting PUs but also much involved with the traffic loads of 
a realistic cognitive radio network. It has been illustrated that the analytical and 
the simulation results are in perfect agreement under all considered scenarios. 
Moreover, it has also been shown that the optimal frame length which maximizes 
the throughput of the SU strictly depends on the PU traffic load. However, the 
proper frame length should be adaptively chosen to achieve higher throughput of 
the SU at the same time to control the interference to the legal PUs at a tolerable 
level.
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Figure 4.7: Impact of variable traffic load on: (a) optimal frame duration; and 
(b) interference levels to the PUs caused by SU (probability of collision).
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Chapter 5
Spectral and Energy Efficient 
Cellular C ognitive Radio  
N etw ork w ith  U plink Power 
A daptation
The ever growing demand for communication services has necessitated the de­
velopment of systems with higher spectral and energy efficiency. However, the 
wireless networks and in particular mobile wireless networks are increasingly con­
tributing to global energy consumption. Energy efficient cognitive radio networks 
are considered as a striking solution to most prominent challenges of providing 
high data rate and reliable energy efficient transmission in aggressive wireless 
communication systems.
In this chapter, a spectral and energy efficient Cellular CRN is proposed and we 
analyse and derive the expression for energy efficiency and throughput for this 
proposed cellular CRN as the function of sensing and data transmission dura­
tion. Moreover, in order to further explore energy efficient CRNs, power control
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strategy for this cellular CRN is also studied where the PUs and SU adapt the 
transmit power based on the location from their reference base stations. The op­
timal frame structure with power control is investigated under high SNR and low 
SNR network environments, respectively. The impact of power control, optimal 
sensing time and frame length, on the achievable energy efficiency, throughput 
and interference are illustrated and analysed by simulation results.
5.1 Introduction and System Model
Based on the discussion of previous chapter, the investigation to cognitive ra­
dio network would be further explored and extended from merely normalized 
throughput to energy efficiency and throughput joint enhancement. With the 
similar system model, in this contribution we consider a single SU coexisting 
with single PU in the CRN1 . The SU may be considered as a secondary terminal 
with M  transmit antennas such that the SU collects N  samples from the PU dur­
ing the sensing phase for each sensing. The collected samples will be forwarded to 
a fusion center for combined processing and decision. The SU performs spectrum 
sensing of the licensed frequency band by using the joint detector proposed in [87] 
to determine the status of each channel. Energy detection2 scheme is utilized for 
the joint spectrum sensing. The data transmission of the SU is activated subject 
to the spectrum sensing results based on the typical two hypotheses shown as
(4.1) and (4.2) and we assume (i) the SU is heavily loaded and always has data 
to transmit, (ii) the traffic load of the PU is exponentially distributed with the
1 Because the main objective of this contribution is for energy efficiency and throughput en­
hancement of cellular CRNs, we take this simple but fundamental model with single SU and PU 
for energy efficiency and throughput analysis, which we believe is enough to get those insights. 
Otherwise with a more comprehensive model the analysis may become very complicated which 
will make the problem totally intractable.
2In practice, SUs usually have no or limited knowledge about the primary signals. Hence, 
the optimal spectrum sensing technique is energy detection [88, 89]. Energy detection approach 
for spectrum sensing has been assumed in this contribution because of its simplicity, ease of 
implementation, and low computational complexity [90].
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mean of the occupied and the idle durations denoted by ai and a 0, respectively.
With the same frame structure, the SU performs energy detection for spectrum 
sensing and then decide to transmit or keep silent according to the sensing result. 
For any transmission on available channel, it may consist of a transmission link 
and two interference links, as depicted in Fig. 5.1, where Tx and Rx denote 
the transmitter and receiver, respectively. The instantaneous channel gain of the 
secondary transmission link on the available channel is denoted as hss while the 
interference link from PU to SU and from SU to PU are shown as the narrow 
arrows whose channel gain are denoted as hps and hsp: respectively. Channel 
information are assumed to be ergodic stationary and known before transmission 
phase and the signals of PU are assumed to be complex-valued phase-shift keying 
(PSK) signals, whereas the noise at the SU is assumed to be independent and 
identically distributed complex Gaussian with zero mean and Nq variance.
PU-RxPU-Tx
'PS sp
SU-Tx SU-Rx
’SS
Figure 5.1: Transmission link and interference link.
Even if the channel is available when it is sensed, it is still possible that the cor­
responding PU activates during the data transmission phase of the SU, which is 
illustrated by Fig. 5.2. This would lead to the situation that both the SU and 
the PU transmit on the same channel which not only decreases the throughput 
of SU but also introduces the interference to the PU. In addition, there may be 
an additional interference because of missed detection illustrated by Fig. 5.3 and 
false alarm would also decrease the throughput and energy efficiency of CRNs.
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Therefore, the optimal sensing time should be addressed in order to provide suf­
ficient sensing accuracy and save the time as much as possible which is supposed 
to be reserved for data transmission in a unit frame. It is to note that the prob­
abilities that mean time with these two categories of interference out of total 
tranmission time in each frame, P* and P?p, have been derived as (4.10) and 
(4.15), respectively, in last chapter as the similar system model employed.
PU
SU
Frame
Sensing Transmission succeed Transmission collide with PU
4--------------- > <--------------------------------------------------------------------------------- ►
T T-t
Occupied Idle
Figure 5.2: A graphical illustration of data collision when PU becomes active in 
a typical cognitive radio transmission with perfect sensing.
< Frame
Sensing(missed
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Transmission
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Figure 5.3: A graphical illustration of data collision in a typical cognitive radio 
transmission with missed detection.
5.1.1 M obile User D istribution
In this contribution, we assume that all the mobile users including both the PU 
and SU are mutually independent and uniformly distributed in a typical cellular
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CRN. The PDF of the distribution of mobile users which are located at (77*, 6 4) 
from its serving BS and can be given in polar coordinate as
p{rd’ed) = ^ î ’ ( 5 J )
where Rm is the radius of macro-cell, 0 < < Rm and 0 < 0 < 27r.
5.1.2 Propagation M odel
The radio environment of a typical wireless cellular network is described by: (i) 
distance dependent pass-loss, (ii) shadowing and (iii) multichannel fading. Path- 
loss is due to the decay of the intensity of a propagating radio-wave, and it 
requires an accurate estimation for proper determination of electric field strength 
and SNR [91]. In this contribution, to simulate a real channel environment, 
we consider a two slop path-loss model to obtain the mean received power as a 
function of distance between the mobile user and the respective serving BS. It has 
been shown that two slope (or commonly known as dual-slope) path-loss model 
is suitable for strong Line of Sight (LoS) conditions [44].
The dual-slope path-loss model consider two separate path-loss exponents, (5a and 
fib which are referred to as basic and additional path-loss exponents, respectively. 
These path-loss exponents are used to characterize two different propagation envi­
ronments, together with a breakpoint distance g between them where propagation 
changes form one regime to the other. More explicitly, the signal attenuates with 
basic path-loss exponent pa before breakpoint and attenuates with additional 
path-loss exponent after breakpoint. Here, g =  strictly depends on the
antenna height of macrocell BS (receiver in uplink) hrx [m], the antenna height 
of the mobile user (transmitter in uplink) htx [m] and wavelength of the carrier 
frequency Ac. With this dual-slope path-loss model, the average received signal 
power which is denoted as P  [W] at the reference BS from the desired mobile
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user with distance rd is given by [91]
(5.2)
where K  is the path-loss constant and P 1 [W] defines the mobile user transmit 
power. If power control is performed, all the mobile users (including PUs and 
SUs) are considered to be capable of adapting its transmit power automatically 
while maintaining a certain signal power received at the BS. The uplink adaptive 
transmit power can be expressed as
where PQ [W] denotes the signal power received at the BS, which is the cell 
specific parameter used to control the target signal to interference ratio. P max 
is assumed maximum transmission power. Because the setting of Pq determines 
both the achievable throughput of SU and the interference of PU, P0 should 
be set subjects to the Qality of Service (QoS) requirements of specific networks 
considered. To set the target P0 with fixed P max, we define P and Pp [dB] as 
the power control factor of SU and PU, respectively, which denote the difference 
between the corresponding required P0 and P max. For example, if P =  -5 0  
dB, the power control of SU is set as Pq =  P max — 50 [dB]. Note that (5.3) is the 
simplified version of conventional uplink power control which is recently approved 
by The 3rd Generation Partnership Project (3GPP) in Long Term Evolution 
(LTE) networks [92].
P 1 = min p max, P0 (5.3)
5.2 Energy Efficiency of Cellular CRN
In this contribution, the SU preforms energy detection spectrum sensing and 
transmit with adaptive power based on the decision made by the sensing phase.
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With given sensing length, the probability of detection and false alarm for the 
licensed channel under energy detection scheme is given by:
^d{r,e) = Q \  [ — - 7 - I )  a -t— ) , (5.4)
respectively [29], where r  represents the sensing time, e denotes the decision 
threshold of the energy detector on the licensed channel, 7  is received SNR from 
the PU at the secondary detector on the licensed channel, f s represents the sam­
pling frequency and Q(-) is the complementary distribution function of the stan­
dard Gaussian. To control the interference to PU, the target detection probability 
should be guaranteed. With this condition, (5.5) could be further expressed
as
^ fa {r )  = Q (V 27 + + V ^T st)  • (5.6)
Then, if the licensed channel is detected as idle (% ), the SU would perform 
data transmission during the data transmission slot, whereas if the licensed band 
is sensed as occupied (Hi), the SU has to keep silent until the next frame. In 
this section, we formulate the energy efficiency problem of the SU and study the 
frame structure optimization and power control, in order to maximize the energy 
efficiency with sufficient protection to PU and the targeted throughput of SU 
in the CRN. To highlight the the impact of power control, the energy efficiency 
problem would be formulated with power control compared with the case without 
power control.
With power control, both the SU and PU would always use the adaptive power
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(5.3), PsU and P^u to transmit, respectively. The instantaneous transmission rate 
of the SU on the licensed channel is denoted by f 0 when the channel is actual 
idle (H0), or denoted by h  when the channel is actual occupied by PU (Hi), 
which occurs when both the SU and the PU transmits on the same channel and 
interfere with each other. Here, fo and fi are respectively given by
where hss and hps represent the channel gains from SU transmitter to SU receiver 
and from PU transmitter to PU receiver, respectively as we discussed before while 
Ps°u and Ppu define the received power level of secondary signal and primary signal 
at secondary receiver, respectively.
Based on the analysis above, the average interference to the PU and the average 
throughput of the SU could be expressed by
=  ^ 1 e { p s°„(p(W o) ( i  -  ^ /« )  p ; + p m  a  -  ^  p ; ) } , (5.9)
R = ^ ^ e ( p C H o )  (1 -  ^ /o )  (fo (1 -  Pp) +  nP p) + P(Hi) (1 -  % )  (fo (1 -  Pip)
(5.10)
(5.7)
f  i =  log2 (5.8)
{pin(p(w0)v (i -  P/a) p; + pfHov (i -  d^) p;)}
respectively.
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In order to formulate the energy efficiency problem of SU, the power consumed 
in a frame duration should be addressed, which mainly contains three parts: 
electronic circuit consumption Pc, spectrum sensing consumption Ps, and the 
data transmission consumption on the licensed channel P^u. The electronic circuit 
power Pc is the average power consumption of device electronics, such as mixers, 
filters, and digital to analog converters, which is assumed fixed here. The power 
used during spectrum sensing is much small compared to the data transmission 
power. The average total power consumed within a frame could be calculated as
e  _  PcT  + Pst , Hi\Ho or HilHi,
P cT  +  +  P l ( T  -  T), %o|%o or
(5.11)
which could be expressed using conditional probability theory as
Ê  = PCT  + Pst +  Pj„(T -  r)(p(W o) (1 -  +  f ( % )  (1 -  0 7 ) )• (5.12)
The energy efficiency of the considered cellular CRN is defined as
j  Average Number o f  the Bits Transmitted _  R T  
Average Total Energy Consumed Ê
which is measured in bits/Joule/Hz. By substituting (5.10) and (5.12) into (5.13), 
we have the energy efficiency of SU in the considered cellular CRN with power 
control which could be expressed as
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( T - t) ( p (Ho) (1 -  0 /„ )  (fo (1 -  P;) +  f iP p«) +  P(Mi) (1 -  0d ) ( f 0 (1 -  P!p) +  f ifV ,) )
PCT  +  Pst +  P<„(T -  r) (P(W 0) (1 -  3*fa) +  P(W 0 (1 -  0 d) )
(5.14)
Similarly, denote ro, n ,  / ,  P, E  and J  as the instantaneous transmission rates 
of SU with PU coexisting and without PU coexisting, the average interference to 
the PU, the average throughput of the SU, the average total power consumption 
within a frame and the energy efficiency of SU in the proposed cellular CRN 
without power control, respectively. Please note the SU will use -P™aiE to transmit 
without power control and consequently the expressions of these metrics can be 
obtained by simply replacing P ^  by P™ax for the equations from (5.7) to (5.14).
5.3 Optimization of Energy efficiency
Based on the derived energy efficiency formula for our proposed cellular CRN, the 
energy efficiency optimization problem, under the average interference constraint 
and total transmission power constraint can be formulated as follows
maximize  E{ J}
subject to î  < î , R  > R ,T  > t > 0. (5.15)
where E{ J} represents the expectation of J. The I  is maximum acceptable 
interference for PU and R  is the targeted throughput for the SU. It can be 
seen that (5.15) is exceptionally complex with complicated expressions of J  and 
R. The constraints, / ,  R  are also not fixed due to different QoS of different 
wireless networks. In this section, we take insight into the concavity of the energy
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efficiency J  and R  to provide mathematical proof for the optimization results 
in simulation. Besides, the impact of power control on the achievable energy 
efficiency is analysed mathematically.
5.3.1 Optimal Sensing and Frame Length
To explore the impact of sensing and frame length on energy efficiency, we now 
look into the impact on throughput firstly which has simpler expression than 
energy efficiency. If we define D = T  — t which indicates the data transmission 
length, the expression of R, (5.10), can be considered as function of (t ,D). It is 
to note r  and D are independent so that P£ and P? are both as function of D 
and have nothing to do with r. In this case, according to the Theorem 1 of [30], 
one conclusion could be reached that there exists an optimal sensing time which 
yields the maximum achievable throughput and R  is concave for the range of r  
in which fPfa < 0.5.
Proposition 1 : Given the throughput of the SU with power control as Ê, R  is not 
concave with respect to the frame length T.
Proof :See Appendix A.
In the sequel, as J  =  the convexity of energy efficiency with respect to r  and 
T  both depend on the value of multiplication factor, £. The exhaustive search 
would be employed for the optimal value of r  and T  for the maximum achievable 
energy efficiency.
5.3.2 Impact of Power Control
Based on the derived energy efficiency formula of proposed cellular CRN with 
power control, in this part the impact of power control on the energy efficiency 
is investigated. To further simplify (5.15) and considering a common case that
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the status of PU is not changing very frequent, the interference brought by the 
asynchronous activities of PU and SU could be ignored, which means Pp = 0  and 
P^ p — 1. In this case, the simplified energy efficiency with and without power 
control would be approximately evaluated by
J  (T -  T) (P(%o) (1 -  ro +  f  (% ) (1 -  n )
PCT +  P,t +  P ” “ (T -  r) (p (« o )  (1 -  ^ /„ )  +  P(Wi) (1 -  )  ’
}  { T - r )  (P(Uo) (1 -  &>}a) f0 +  P m  (1 -  3>d) h )
PCT +  P„T +  P‘U(T -  T )  (p(Wo).(I -  &fa) +  P(%l) ( 1 - ^ d ) ) ’
respectively.
Proposition 2 : Denote A  J  = j  — J  and consider A  J  = f(PgU) with d o m f  = 
{PSy | P™ax > P lsu > 0}, À J  is not always positive as a function of P*u.
Proof: See Appendix B
Based on Proposition 2, one conclusion can be reached that power control is 
not always energy efficient and strictly depends on the the received power setting 
during power control. With targeted achievable throughput and interference con­
straint, we may find the acceptable range of the received power and then decide 
how to employ power control to further enhance energy efficiency.
5.4 Simulation results
In this section, we present and discuss the simulation results of the considered 
cellular CRN with variable frame structure and power control. Energy detec­
tion is employed for spectrum sensing. It has been reported that the maximum
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transmission power of mobile terminal ranges from 30 mW to 2 W subject to 
different wireless networks [36, 92]. Due to the concern of human health and 
environment problem, it would be the common belief that transmission power 
of mobile terminals in future wireless communication system would be further 
reduced. Therefore, we consider two maximum transmission power cases for the 
SU with P™ax — 800 mW and P™ax =  50 mW, which could be considered as two 
SNR regimes: the high SNR and the low SNR circumstance, respectively. The 
impacts of the power control would be investigated under these two SNR circum­
stance. The simulation parameters on propagation model are referred from [91] 
and other are mainly from [63, 6 8 ] for comparison. Unless otherwise stated, the 
values of the other parameters used are listed in Table 5.1.
Table 5.1: Simulation Parameter Settings
Narrowband bandwidth (B) 6 MHz
Noise PSD (No/2) -178 dBW/Hz
Macro-cell radius (r^) 500 m
Circuit power (Pc) 200 mW
Sensing power (Ps) 100 mW
Worst-case received SNR from PU -15 dB
PC factor of PU (rp) -60 dB
Target detection probability (Pd) 90%
Mean of traffic and idle duration of PU ( o : i , q :o ) (352 ms, 650 ms)
Basic path-loss exponent (/3a) 2
Additional path-loss exponent (Pb) 2
Break point of path-loss curve (g) 1212 m
Path-loss constant (K) 1
5.4.1 Sensing Length
In this subsection, we will show the energy efficiency, throughput of SU with 
tolerable interference to PU as a function of variable sensing length with fixed 
frame duration T  = 100 ms. Power control is employed in simulation to further 
control the interference to PU and to improve energy efficiency with P =  —50
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Figure 5.4: Throughput vs sensing time with high SNR (upper) and low SNR 
(lower).
Fig. 5.4 illustrates the throughput of SU as a function of variable sensing length 
under high SNR (upper subfigure) and low SNR (lower subfigure) network en­
vironments, respectively. It can be clearly observed that the higher average 
SNR with higher maximum transmission power of SU leads to higher achiev­
able throughput while the lower average SNR with lower maximum transmission 
power of SU leads to lower achievable throughput. The achievable throughput 
without power control under two SNR scenarios are also provided for comparison, 
which are always higher than the throughput with power control because of the 
limitation of SU transmission power. Furthermore, the optimal sensing time for 
the two SNR networks are quite close with each other which are at around 2 ms.
In Fig. 5.5, the energy efficiency versus the sensing time of SU is presented for 
the two SNR scenarios. Compared with Fig. 5.4 the optimal sensing time for
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Figure 5.5: Energy efficiency vs sensing time with high SNR and low SNR.
the maximum energy efficiency are a bit different from the optimal sensing for 
the maximum throughput. This is more obvious in high SNR case which has 
optimal sensing time for energy efficiency both located at around 5 ms with the 
power control and without power control. It is rather interesting to note that for 
high SNR scenario, power control leads to higher energy efficiency while power 
control degrades energy efficiency under low SNR network. Intuitively, due to the 
essence of the Shannon channel capacity formula, it should be always more energy 
efficient with power control because the total transmission power is lower than 
the case without power control. However, this only apply to the energy efficiency 
which is calculated as successfully transmitted information over received signal 
power. In order to calculate the accurate energy efficiency in practise, it can not 
be ignored that the impact of real channel propagation (path loss and fading) on 
the transmission signal power, as well as the extra power consumption such as 
electronic circuit power and sensing power. Specifically, under low SNR network,
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the transmission power is not dominant power consumption any more considering 
the total power consumed and this is the reason why the power control may not be 
energy efficient for low SNR network. In addition, the trend of caused interference 
with the increase in sensing length is also shown by Fig. 5.6. Longer sensing time 
provides less missed detection which causes less interference. Besides, it can be 
clearly illustrated that power control mitigates the interference significantly under 
both the SNR regimes. The impressive mitigation could reach around 10 dB and 
6  dB for high SNR and low SNR networks, respectively via adaptive uplink power 
control.
-55
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Figure 5.6: Interference to PU vs sensing time with high SNR and low SNR.
Table 5.2: Energy efficient optimal sensing length and frame length
High SNR Low SNR
Sensing length Frame length Sensing length Sensing length
With power control 1.8  ms 366 ms 1.8 ms 396 ms
Without power control 1.8  ms 132 ms 1.6 ms 160 ms
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Figure 5.7: Throughput vs frame length with high SNR (upper) and low SNR 
(lower) compared with the result in state of art [30].
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Figure 5.8: Energy efficiency vs frame length with high SNR and low SNR com­
pared with the result in state of art [30].
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5.4.2 Frame Length
In this subsection, the energy efficiency, throughput of SU and the interference to 
PU are presented as a function of variable frame length with fixed sensing length 
r  = 2 ms, which has been proven to be the optimal value for the maximum 
throughput. Same as the previous subsection, power control factor of SU is also 
set to be P =  —50 dB.
Fig. 5.7 illustrates the throughput of SU as a function of variable frame length 
up to 1000 ms under the two network environments, respectively. It can be seen 
that the throughput curve without power control is similar as the previous sensing 
curve in Fig. 5.7. This is because the longer the duration of frame is, the higher 
probability that the PU becomes active before the current frame ends would be. 
In this case there is an optimal length to guarantee that it would not spend too 
much percentage of time on sensing at the same time the transmission would not 
be keeping too long in each frame which cause unnecessary interference. It can
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be observed that this optimal frame length under the high and low SNR regime 
are diverse with around 250 ms and 180 ms, respectively. While the curve with 
power control shows a bit different trend, which almost keeps flat after it reaches 
the maximum value when T  approaches 500 ms and 400 ms under the two SNR 
regime. The reason is the reduced transmission power mitigates the negative 
effect of long frame length on throughput.
The energy efficiency of the two SNR networks are plotted versus frame length 
in Fig. 5.8. With similar trend of throughput curve, the optimal frame length 
can be both found at around 200 ms under two SNR regimes without power 
control. The maximum energy efficiency with power control is reached a bit 
earlier than throughput with increase of T, which is located around at 200 ms 
and 350 ms for the high SNR and low SNR networks, respectively. The impact of 
power control on energy efficiency, that power control enhances energy efficiency 
under high SNR network while power control degrades energy efficiency under 
low SNR network, could be explained as the some reason as variable sensing 
results. Finally, the interference versus frame length is illustrated in Fig. 5.9. 
As a contrast to variable sensing time, the interference increases monotonously 
with the increase in frame length. The interference mitigation by adaptive uplink 
power control are around 8  dB under high SNR and 5.5 dB under low SNR.
In addition, to verify the performance gain due to the obtained accurate optimal 
sensing length, we provide the comparison between my result, optimal sensing 
length 2 ms and the result from state of the art [30] which is reviewed in chapter 
2, 2.55 ms. Both the results for comparison are without power control cases. It 
can be seen that the throughput and energy efficiency gain are both very obvious 
in the Fig. 5.7 and Fig. 5.8. It is to note that the curve of state of the art result 
is still plotted by the derived throughput and energy efficiency formula in this 
contribution but only with a different sensing length setting (I.e. 2.55 ms). If the 
formula from state of the art is used here, the two curves would be further away.
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Figure 5.11: Energy efficiency vs power control factor with high SNR and low 
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5.4.3 Uplink Adaptation
Based on previous discussion, one may reach to the conclusion that the power 
control is not always energy efficient for cellular CRNs. Therefore, it would be 
more interesting to further explore the impact of power control of SU with variable 
power control factor F on the energy efficiency and throughput of the proposed 
network. Because Ps°u =  P™ax +  F, with fixed P™ax, it is equivalent to explore the 
impact of power control of SU with variable required Ps°u. This may be considered 
as a case where the required P®u is varying subject to different network QoS 
requests. The duration of sensing and frame lengths are both fixed as 2 ms and 100 
ms, respectively. Fig. 5.10 illustrates the impact of variable power control factor 
from F =  —70 dB to F =  —30 dB, on the throughput of SU. It can be seen that the 
throughput increases as F increases which is equivalent to the increase of required 
Ps°u under both the low and high SNR regime during adaptive power control. 
There is another non-intuitive result which can be deduced from comparison of 
the curves with power control and without power control. That is, the achievable 
throughput with power control may exceed the achievable throughput without 
power control when F is large enough. The break point is at around -47 dB. This 
is mainly because although the transmission power of SU with power control 
is the same as the case without power control when F breaks this threshold, 
the PU still employs power control with fixed r p, thereby reduces the average 
transmission power and benefits the achievable throughput of SU. It is implied 
that with targeted performance guaranteed, the PU should also employ adaptive 
power control in order to improve the performance of both the SU and itself.
Fig. 5.11 presents the energy efficiency of SU versus the variable F. It can be ob­
served that under low SNR network, the energy efficiency curve has similar trend 
as throughput. As discussed, the transmission power is not dominant over the 
total power consumption and the low received power Ps°u gives low throughput 
but the extra power consumptions (sensing and electronic circuit power consump-
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Figure 5.13: Optimal sensing time for energy efficiency vs power control factor.
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tion) still exist and remain the same, which degrade the energy efficiency when F 
is relatively small. The reason why the energy efficiency is higher than the case 
without power control when F is large enough is due to the limited transmission 
power of PU with power control, which is consistent with the previous throughput 
results we discussed before. Furthermore, it is rather interesting to investigate 
the impact of power control on energy efficiency under high SNR regime. It is 
further observed that power control is always more energy efficient under high 
SNR regime because compared with high transmission power, the extra power 
consumptions do not affect the overall energy efficiency too much. However, 
the energy efficiency curve is not simply monotonously decreasing. Instead, the 
curve increases firstly and then decreases. This is because that even for high 
SNR, when F is very small the transmission power of SU may be relatively small 
which would degrade energy efficiency like the low SNR case. As F increases, the 
average transmission power of SU with power control also increases correspond­
ingly and gradually becomes dominant over the total power consumptions. Until 
the energy efficiency reaches the maximum value when F =  —67 dB and then 
decreases as the transmission power approaches the case without power control. 
In addition, the interference to PU versus variable power control factor is illus­
trated in Fig. 5.12. It can be seen that under both SNR networks, as F increases 
the interference to PU gradually increases and approaches the interference level 
without power control, which is consistent with our previous simulation results.
Last but not least, the impact of variable F on the the optimal sensing time for 
the maximum energy efficiency are shown in Fig. 5.13. It is to note that Fig. 
5.13 is for low SNR regime case which is almost overlapping with the curve with 
the high SNR regime. It can be observed that the optimal sensing increases from
2.4 ms to 6.2 ms as power control factor varies from F =  —70 dB to F =  —40 
dB. Moreover, energy efficient optimal sensing lengths and optimal frame length 
(the shortest length with maximum achieved energy efficiency) under two SNR
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regime are summarized as Table 5.2. This may reach the conclusion that adaptive 
power control also leads to diversity of both the optimal sensing time and optimal 
frame length for the maximum energy efficiency. The sensing time, frame length 
and power control factor should be adaptively changed subject to the network 
environments to achieve the required performance.
5.5 Chapter Summary
In this chapter, the energy efficiency and throughput of the SU in a cellular 
CRN is analysed based on the frame structure which consists of variable sensing 
and data transmission slots. The achievable energy efficiency and throughput 
of the SU have been both analytically expressed with adaptive power control 
under high SNR and low SNR regimes where the mobile users (SU and PUs) are 
transmitting with adaptive power to meet the desired target QoS. The impact of 
uplink adaptation and subsequently variable duration of sensing and frame length, 
on the achievable energy efficiency and throughput have been critically illustrated 
for both the high SNR and low SNR environments with energy detection spectrum 
sensing. It has been shown that the obtained optimal sensing length for maximum 
throughput is much more accurate than the one in state of the art by comparison 
and this improvement of accuracy also brings more system gain.
Futhermore, the analysis of the tradeoff between energy efficiency and throughput 
of the SU is very useful to determine the future required cognitive frame structure 
for cellular networks. The behaviour of the adaptive power control has been 
investigated and it has been found that power control is not always energy efficient 
for cellular CRNs. Specifically, power control is more energy efficient under high 
SNR regime and energy efficiency enhancement critically depends on the amount 
of extra power consumptions. The impressive interference mitigation to PU by 
employing adaptive uplink power control is also verified by simulation results.
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Moreover, it has also been shown that the optimal sensing time and frame length 
which maximizes the energy efficiency of the SU strictly depends on the power 
control factor employed in the network. The proper frame structure and power 
control factor should be adaptively chosen to achieve the required performance 
of the SU at the same time to further reduce the interference to the legal PU.
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Chapter 6
C onclusion and Future Work
This chapter outlines the main technical contributions of this thesis and proposed 
future research directions as an extension to the work presented here.
6.1 Conclusions
This thesis focused on the throughput and energy efficiency enhancement in Cog­
nitive radio networks. As the fundamental technique of cognitive radio, two com­
mon spectrum sensing algorithms were reviewed and a novel eigenvalue based de­
tection was introduced. This new approach was to calculate the decision threshold 
and sense the spectrum. We derived a simple and analytically tractable expres­
sion for the distribution of the ratio of the largest and the smallest eigenvalues 
based on upperbound on the joint PDF of the largest and the smallest eigen­
values of the received covariance matrix. The performance analysis of proposed 
approach was compared with the empirical results. It has been shown that the 
result based on our upperbound approach exceeds the performance of Energy 
detector with noise uncertainty and is acceptable for reasonably low range of 
probability of false alarm. It is concluded that the upperbound can be exploited
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effectively to approximate the decision threshold for a given probability of false 
alarm. The proposed approach is useful specially for reasonably small number of 
collaborating SUs.
Furthermore, a cognitive radio network with multiple PUs coexisting under any 
frequency division multiple access communication protocol was proposed. A cog­
nitive radio transmission where the frame structure consists of sensing and data 
transmission slots was considered. The achievable normalised throughput of the 
SU has been analytically expressed with multiple PUs under perfect and im­
perfect spectrum sensing environments. The impact of coexistence of multiple 
PUs in the network and subsequently variable frame length, on the achievable 
normalised throughput has been critically illustrated for perfect and imperfect 
spectrum sensing scenarios with variable traffic loads of PUs. The analysis with 
imperfect spectrum sensing was very useful to determine the required sensing 
accuracy during the cognitive radio transmission of SU. The behaviour of the im­
perfect sensing curve has been investigated and it has been found that the impact 
of imperfect sensing on throughput was not only related to the number of coex­
isting PUs but also much involved with the traffic loads of a realistic cognitive 
radio network. It is concluded that the achievable throughput can be significantly 
improved up to around 9% by optimal frame length selection and it has also been 
shown that the optimal frame length, which maximises the throughput of the SU 
strictly depends on the PU traffic load.
Following that, the proposed CRN was further extended to the cellular case and 
not only the throughput but also the achievable energy efficiency of the SU have 
been both analytically expressed with adaptive power control under high SNR and 
low SNR regimes where the mobile users (SU and PUs) were transmitting with 
adaptive power to meet the desired target QoS. The impact of uplink adaptation 
and subsequently variable duration of sensing and frame length, on the achiev­
able energy efficiency and throughput have been critically discussed for both high
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SNR and low SNR environments with energy detection spectrum sensing. The 
analysis of the tradeoff between energy efficiency and throughput of the SU was 
useful to determine the future required cognitive frame structure for cellular net­
works. The behaviour of the adaptive power control has been investigated and 
it has been found that power control was not always energy efficient, instead it 
critically depended on the amount of extra power consumptions. The impressive 
interference mitigation to PU by employing adaptive uplink power control was 
also verified by simulation results. Moreover, it has also been shown that the 
optimal sensing time and frame length which maximizes the energy efficiency of 
the SU strictly depended on the power control factor employed in the network. 
The proper frame structure and power control factor should be adaptively chosen 
to achieve the required performance of the SU at the same time to further reduce 
the interference to the legal PU. In addition, it also has been shown that the 
obtained optimal sensing length for maximum throughput is much more accu­
rate than the one in state of the art [30] by comparison and this improvement of 
accuracy brings more system gain as well.
6.2 Future Work
Cognitive radio technique has attracted much attention and gained huge interests. 
This section proposes future research as possible extension to the work presented 
in this thesis:
6.2.1 M ultiple P U s and SUs Cellular CRNs
The current system model could be extended to a cellular CRN with multiple SUs 
and PUs. An multiple access method should be carefully designed considering 
the corresponding modified interference model and required system performance.
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More explicitly, interference control problem with multiple SUs should be re­
studied compared with single SU case since a free licensed spectrum band may 
be utilized by different SU with different locations if more than one SU apply 
to access the licensed band at the same time. The overall achievable throughput 
could be improved significantly if a proper licensed band is allowed to access by an 
appropriate SU. Besides, if multiple licensed channels are assumed to be utilized 
by a SU in a CR network simultaneously if the SU has high traffic request, a 
major challenge is to design efficient resource allocation algorithms that work 
well in OFDM-based cellular CRNs, due to frequency allocation flexibility and 
multiuser diversity of OFDM technique [93-98]. With sufficient protection to 
PUs, channels and subcarrier power allocation method should be investigated 
to further improve the overall throughput and energy efficiency of OFDM-based 
CRNs.
6.2.2 H eterogeneous Cognitive Radio Networks
A network that consists of a mix of macrocells and low-power nodes such as small 
cells, where some may be configured with restricted access and some may lack 
wired backhaul, is referred to as a heterogeneous network, which is seen as a 
pragmatic and cost-effective way to significantly enhance the capacity of cellular 
networks [99]. Macro nodes are used to ensure broad coverage, and low-power 
nodes may be located close to places with increased demand for data. Specifically, 
challenges associated with the deployment of traditional macro base stations can 
be overcome by the utilization of base stations with lower transmit power. Low 
power nodes can be classified as pico, femto and relay nodes. If the low power 
nodes are intended for outdoor deployments, their transmit power ranges from 
250 mW to approximately 2 W. This is much lower in cost than traditional 
macro base stations, which transmit power typically varies between 5 and 40 
W. Femto base stations are meant for indoor use, and their transmit power is
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typically 100 mW or less. Unlike pico, femto base stations may be configured 
with a restricted association, allowing access only to its closed subscriber group 
members. Under such motivation, coexistence of heterogeneous deployment and 
cognitive radio technique is a rather interesting topic to explore. Several solved 
problems in traditional cognitive radio networks need to be re-considered due 
to the heterogeneous deployment such as resource allocation [100] and dynamic 
priority scheduling [101].
6.2.3 Terrestrial and Satellite Spectrum  Sharing by Cog­
nitive Radio
Satellite Communication (SatCom) are considered a key element in achieving the 
challenging Digital Agenda objective of high-speed broadband access for everyone 
by 2020. Their inherent large coverage footprint makes them the most suitable 
access scheme to reach those areas where deployment of wired and wireless net­
works are not economically viable. A fundamental challenge for SatCom systems 
is to improve the spectrum exploitation so as to increase end-to-end connectivity 
throughput, lower transmission costs, and enhance market competitiveness. How­
ever, little attention has been paid to the potential benefits that CR can bring to 
the SatCom domain. Unused or underused frequency resources assigned to satel­
lite services as primary or secondary allocation should be exploited by flexible 
and smart spectrum usage. A systematic and thorough approach to the applica­
bility and analysis of cognitive radio concept considering satellite peculiarities is 
much worth to investigate and develop. In this context, classic optimized cogni­
tive radio used in cellular networks need to be reconsidered in SatCom domain 
because of the unique characteristics of SatCom such as, very wideband spectrum 
sensing employment due to the frequency band usage and rather different traffic 
load model of commercial SatCom service.
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A ppendix A  
P roof o f Proposition  1
The first partial derivative of variable R with respect to T  can be derived as
R'(T) =  £ { p (Ho) (1 -  ^fa)  (ro (1 -  p;) +  n P ps)  +  P(Hi) (1 -  Pd) (ro ( l  -  1%) +  }
+  ^ { P W o )  (1 -  &fa) (ro ( - ^ J )  +
+  P W , ) ( l - ^ ) ( f „ ( - ^ ) + f l ^ ) } .  (A.l)
The partial derivation of Pps and P?p with respect to T can be derived as
respectively.
With series expansion of exponential function ex = 1 +  §  +  | t  +  ^  +  '-- and when
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T  approaches r  and + 0 0 , the limit of P£ and Pip can be derived as
ü s  p p = ( 1 - ^ ( 1 - exp ( - ^ r )  )  ) = °- (A-4)
lim P ‘p = lim ^ ( l - e x p  ( - ^ I )  )  =  1- (A-5)
= rHs» ( : -  ( x - exp ( - ^ r ) ) ) = 11 (A-6)
rü&o ^  ( X -  exp ( - ^ r )  )  = °- (A'7)
respectively.
Similarly the limit of ^ - ( T  — r) and -  r) when T  approaches r  and + 0 0
can be derived as
\ ,  ^0 A  _ /  ^______ ^ T - T
a r ( T - T) =  I T ( t T T )  V - e xp { - — ) )  ~ f e exp v a 0
(A.8)
/) p;  , a , A  . /  T  - r \ ' \  .._____ /  T - r
^ - â r  (T - T) =  jj™ (t ^ )  V - exp { - — ) )  +  f e exp V a ,
(A.9)
d P i . .. an / .  /  T - t \ \  .. /  T - r
tHs » â r ( T - t ) = (t ^ T )  V ” e x p v ” ; J ™ e x p v  «„
(A.10)
d P l . _  . .. - a ,  / .  /  T - t \ \  .. /  T - r
r l ^  W (T- T)= rÜS» V " 6XP f - — J) + Tlffi»exp V a,
(A. 11)
respectively.
By substituting the equations (A.4) - (A.11) into (A.l), the limit of Â%T), when
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T  approaches r  and + 0 0 , can be finally expressed as
Um A'(T) =  i ( P ( % )  (1 -  ^ /a )fo  + P(Ki) (1 -  &>i)h) > 0,
Tlim fi'(r) =  0 (p (% ) (1 -  ^ /a ) n  +  P (« i)  (1 -  ^d)fo)  =  0, (A. 12)
respectively.
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A ppendix B 
P roof o f Proposition  2
If J  and J  denote simplified energy efficiency of SU in the proposed cellular CRN 
with power control and without power control, respectively, then A J  can be 
derived as follows
A J  = J -  J
(T  -  r) ( P ( f t o )  (1 -  &>/<,) f 0 +  P(Hi)  (1 -  # , )  n )
PCT  + Pst + Pju{T -  r) (p(Ho)  (1 -  0»f a) + P(Hi)  (1 -  )
(T -  r) {P(Hq) (1 -  3>fa)r0 + P{Hi)  (1 -  &>d) n )
PCT  +.Pst + P s r ( T  -  t) (P(-H0) (1 -  &>,a) +  P ( « ,)  (1 - P t ) ) '
flCl°g2 + b) { P ™ X lpg2 (l + h- i f )  -  pt.u log» (l + )
(c +  P™*(a + b)) (c +  P ‘u(a + b))
, 1 (  {No+hvsP'u+hssPiuKNü + hysP™*) \
0CiQg2 yiNQ+hpsP^+hssP^iNo+hpsP^u) )
+ (c +  pj7,«»(o +  b)) (c +  Pju(a +  i.)) 
b(a + b) ( p r x log2 ( l  +  a f e g f r )  -  psn 1%  ( 1  +
+  (c +  P ” “ (a +  6))(c +  Pju(a +  6))
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where the parameters a, b and c are given by
a =  P(H0)(X -  (B.2)
b = P('H1) ( l - 0 > d), (B.3)
c =  (B.4)1 — T
Then the limits of À J  when approaches P™ax and 0 can be derived as
lim A(J)
, .lno. ( {Np+hpsP^+hssP^KNo + hpsP™*)
(c +  P ^ ( a  +  6))  ^
b(a + b) P™ax (log2 ( l  +  ND+h’"P>J ~  kgs ( l  +  No+C’p ^ ) )
(c+  P™” ( a +  ;.))■
> 0, 
(B.5)
r A / n  a l o g 2  (jv„+fc!rp;r*) +,,loS2 ( n o + ^ . p ^ + L p . t 1)  ,  n , p
4 ^ 0 A ( J )  = -----------------------( c + p r ^ + w ------------------------ <  ° ’ (R6)
respectively.
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